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Abstract

Yeast-based assays for studying the functional impact of missense variants in a rare human
disease gene at scale

Michael Xie

Chair of the Supervisory Committee:
Aimée Dudley

Department of Genome Sciences

Advancements in high-throughput sequencing technologies have accelerated the
discovery of human genetic variation. However, leveraging genomic information for precision
medicine is currently limited by the relatively small number of variants for which there is enough
supporting evidence to interpret them clinically. An example of clinically actionable diseases for
which large-scale functional data can have an enormous impact on patient health is for serine
biosynthesis defects; a group of rare inherited metabolic disorders caused by pathogenic variants
in PHGDH, PSATI, and PSPH. However, because L-serine supplementation, especially if started
early, can ameliorate and in some cases even prevent symptoms, knowledge of pathogenic
variants is highly actionable. Here, we use a yeast-based complementation assay to measure the
functional impact of 1,914 amino acid substitutions in human PSAT, ~88% of all unique SNV-
accessible missense variants. Our assay scores agree well with known biological features of the
enzyme and existing clinical annotations, supporting its use as functional evidence for variant

interpretation. We then extend this approach to assay a subset of pairwise PSAT1 allele



combinations in yeast diploids. Results from our diploid assay successfully distinguish patient
genotypes from those of healthy carriers and agree well with disease severity. Additionally, we
developed a linear model that uses individual allele measurements (in haploid yeast cells) to
accurately predict the biallelic function (in diploid yeast cells) of ~1.8 million allele
combinations corresponding to potential human genotypes. Finally, we present a method that
could be used to experimentally measure large numbers of variant combinations in yeast
diploids. Taken together, our work provides an example of how large-scale functional assays in
model systems can be powerfully applied in the study of rare disease and to inform future

diagnostic efforts.
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Chapter 1: Introduction

1.1  Challenges in variant interpretation

One of the main goals of human genetics is to understand how genetic variants impact
human health. In particular, the identification of sequence variants that influence traits related to
the predisposition, onset, and progression of human disease. Advancements in high-throughput
sequencing technologies have accelerated the discovery of genetic variation. Since the landmark
work to draft the human genome [1], the estimated cost of sequencing a human genome has
reduced from 100 million to less than 1,000 USD over the last two decades [2]. As a result, it is
possible to generate large amounts of genetic data from many individuals. The Genome
Aggregation Database (gnomAD) [3] represents the largest publicly available aggregation of
sequence data from over 140,000 people. Data from the gnomAD [3] found ~4.6 million missense
variants from these individuals and suggest that the average person harbors approximately 200 rare
(allele frequency <0.1%) protein coding variants [4]. Therefore, one major challenge lies in
distinguishing disease-causing variants from the enormous number of individual variants that can
exist in each human genome.

Analytical approaches, such as family-based linkage and case-control association studies,
have driven tremendous growth in the discovery of rare and common disease-associated genetic
variation during the same period [5]. While these approaches can associate genes with particular
diseases, determining the role of individual variants in pathogenicity is challenging [6]. As genetic
testing continues to be widely applied as a diagnostic tool, clinicians are tasked with drawing
meaningful conclusions from the variants that arise from the resulting reports.

The American College of Medical Genetics and Genomics (ACMG) developed guidelines

to address this need and provide a standardized framework to interpret sequence variants clinically
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[7]. A criterion of evidence derived from datasets such as population, computational, functional,
and segregation data, contribute to whether a high confidence classification can be made.
However, in the absence of enough supporting evidence they are classified as variants of uncertain
significance (VUS) and provide no clinical utility. Within ClinVar [8-10], a publicly available
archive of variation interpretations, the total number of reports and VUS continues to skyrocket.
Single nucleotide variant (SNV) entries encoding missense substitutions has increased nearly 4.5-
fold, from ~140,000 to over 630,000, over the last 5 years. Majority (~78%) of these variants, even

those in well-studied disease genes, are classified as VUS (Figure 1-1).

n = ~635K

VUS 78%

Benign 4%

Likely Benign 5%

Conflicting Reports 6%

Likely Pathogenic 4%
Pathogenic 3%

Figure 1-1. Distribution of reported clinical interpretations for ClinVar SNV entries encoding
missense substitutions. Interpretations with reports of both benign and likely benign were grouped
into the likely benign category in this plot. Similarly, interpretations with both pathogenic and
likely pathogenic were grouped into the likely pathogenic category in this plot. The data presented
here was taken from the January 5th, 2023, release of ClinVar [10].

It is evident that the discovery of novel sequence variants greatly outpaces the ability to

interpret them clinically. This presents a critical roadblock in realizing the potential of precision



medicine to provide improved patient care. To be able to infer pathogenicity for rare variants that
will only be present in a small number of people, comprehensive approaches are required to tackle
the scale of potential variation. Considering only a single type of variation in protein coding genes,
over 60 million missense variants are possible [ 11]. Furthermore, as humans are diploid organisms,
each variant can exist in homozygous and heterozygous states and the possible number of allele

combinations increases exponentially.

1.2 Existing Strategies

Computational methods are one approach that can make variant effect predictions at scale.
Predictors can be built from leveraging features such as evolutionary conservation, protein
structural data, and population data [12]. For example, EVmutation [13] is an unsupervised
statistical method that can predict the effect of protein variants from sequence co-variation in
multiple sequence alignments. Precomputed effect scores for all possible amino acid substitutions
at each position for every human protein can be made readily available. Although computational
prediction methods can be applied at scale, their relatively high error rates limit their clinical utility
[12].

Functional assays are another approach that experimentally measures the functional
consequences of variants in a model system. Advances in high-throughput DNA synthesis and
sequencing technologies have facilitated the development of Multiplexed Assays of Variant Effect
(MAVESs), in which the functional effects of thousands of variants can be measured simultaneously
[14]. Over the last decade, studies applying MAVEs have generated functional effects for over
200,000 variants [15]. MAVEs share a similar overall framework where variants are constructed,

implemented into a model experimental system in which genotype is linked to a selectable



phenotype, and library sequencing is used to determine the frequency of each variant before and
after selection [16]. MAVEs can be applied to study a variety of functional genetic elements such
as UTR, promoters, mRNA, and proteins.

Deep mutational scanning is a high-throughput approach that can experimentally measure
the impact of all possible amino acid substitutions at each position along a given protein [17].
Upon application of selection pressure, variants can be distinguished by their effect on phenotype.
A variety of selection pressures can be utilized such as fluorescence or growth. Fluorescence based
selections can stratify variants based on their levels of fluorescence and the resulting sorted bins
can be sequenced for relative variant frequencies. Variant abundance by massively parallel
sequencing (VAMP-seq) [18] represents one approach that utilizes protein variant-fluorescent
reporter fusions to measure the levels of steady state protein abundance in cultured human cells.
Another method, click-seq [19], leverages click-chemistry and fluorescently labeled activity-based
probes to measure variant enzyme activity in yeast cells. In cellular growth assays, variants with
wild type like function grow normally and variants exhibiting loss of function have their growth
impaired [15].

Genetic complementation is one approach that leverages the capability of human protein
coding sequences to functionally replace their orthologs in model organisms. Cellular fitness is
then linked to the human protein’s overall ability to carry out required function. Any relative
changes in fitness from human protein variants can then be attributed to changes in overall
function. One study showed that a panel of yeast-based complementation assays for 179 variants
in 22 human disease-genes could more accurately predict pathogenic and benign variants over
computational methods [20]. Saccharomyces cerevisiae is a strong model organism to establish

complementation assays, as many human-yeast orthologs that encode proteins with conserved



function in many biological processes. A recent large-scale study showed that 200 essential yeast
genes could be replaced by their human ortholog and predicts a high success rate (80-90%) for
establishing complementation assays for metabolic genes [21]. Coupled with low cost and ease of
genetic manipulation for this model organism, yeast-based functional assays provide a strong

platform for high-throughput assessment of variant effect in many human protein coding genes.

1.3 Serine biosynthesis defects

Inborn errors of metabolism (IEM), genetic alterations that disrupt metabolic homeostasis,
are a relatively large class of rare diseases. Over 700 IEMs [22] have been described and new
disorders continue to be discovered [23]. Although individually rare, collectively these diseases
are common, with estimates suggesting that [EMs may affect 1 in 800-2600 live births [24,25].
Many are severe and manifest early in life, but some are also medically actionable and timely
diagnosis can prevent the onset of irreversible damage. In these diseases, disruptions of metabolic
pathways can lead to toxic levels of substrate accumulation or deficiency of an essential product,
and therapeutic strategies often focus on amending these imbalances [26]. For example, dietary
restriction is prescribed for the treatment of urea cycle disorders, phenylketonuria, and
galactosemia, while dietary supplementation is prescribed for homocystinuria and pyridoxine-
dependent epilepsy [26-28].

Serine biosynthesis defects are a group of clinically actionable IEMs of varying severity
that were first described in the 1970’s, characterized biochemically in the 1990’s, and mapped
genetically in the 2000’s (Figure 1-2). Impairment of any of the three L-serine biosynthesis
pathway enzymes, phosphoglycerate dehydrogenase (PGDH; encoded by PHGDH),
phosphoserine aminotransferase (PSAT; encoded by PSATI), and phosphoserine phosphatase
(PSP; encoded by PSPH), results in systemic serine deficiency [29]. Serine metabolism is central
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to numerous biological processes, including the synthesis of proteins, nucleotides, and

phospholipids, as well as the formation of the neuromodulators D-serine and glycine [29-31].

Serine biosynthesis defects present in a broad phenotypic spectrum that includes, at the severe end,

Neu-Laxova syndrome (NLS), a lethal multiple congenital anomaly disease, intermediately in the

form of infantile serine biosynthesis defects with severe neurological manifestations and growth

deficiency, and at the mild end, as childhood disease with intellectual disability [29,32]. Case

studies have demonstrated that oral serine supplementation can reduce and, in some cases, prevent

the onset of these severe symptoms that typically manifest very early in life [33—37]. Prompt

diagnosis is crucial, as the impact of therapeutic intervention, including prenatal dietary

supplementation [33], is greatest before patients become symptomatic and irreversible

neurological damage occurs.
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Figure 1-2. Key developments in the study of serine biosynthesis defects. A set rare but treatable
inborn errors of metabolism [29,33-51].



Unfortunately, like many rare diseases, diagnosing serine biosynthesis defects is difficult
in the absence of a family history of disease. One challenge is that the disorders display a broad
phenotypic spectrum, as described above. Another challenge is that biochemical measurement of
amino acid levels in patient serum or cerebral spinal fluid (CSF) requires comparison to closely
age-matched controls [52]. Although the serum-directed metabolic screen is more widely used,
generally considered in children with intellectual disability, serine and glycine plasma
concentrations can be normal in the presence of serine biosynthesis defects if the blood sample is
not obtained in a fasted state [48,53]. In contrast, CSF serine and glycine concentrations are not
affected by meals, however, CSF amino acid analysis is not typically done in the absence of
seizures [48,53]. Therefore, the metabolic work up may fail to identify children with serine
biosynthesis defects. Furthermore, while significantly lower levels of glycine and serine serum or
CSF can indicate suspected cases, the relative levels of impairment do not correlate with disease
severity [32].

While in vitro biochemical assays that measure the enzymatic activity of fibroblast extracts
or purified recombinant proteins are available for all three enzymes [34,35,37,41,42], they have
only been applied in a handful of suspected cases to provide further molecular confirmation. For
PSAT, there are only two studies that characterized the enzymatic activity of recombinant protein
variants [37,47]. These approaches are limited in throughput and present barriers for providing
timely diagnosis for current and future patients. Although it has been hypothesized that residual
enzyme activity may explain the phenotypic variability [46,49,54] within serine biosynthesis
defects, functional studies regarding this subject are sparse and the natural histories of the disorders

are largely unknown.



1.4  Overview of thesis

The work presented in this dissertation aims to demonstrate how high-quality large-scale
data can inform our understanding of biology and future diagnostic efforts. I begin with an example
of how large-scale functional data can be applied in the study of enzyme function and in the context
of a rare metabolic disease. In Chapter 2, I apply a high-throughput yeast-based cellular assay to
measure the impact of 1,914 amino acid substitutions on human phosphoserine aminotransferase
(PSAT; encoded by PSATI) function. I extend this approach to assay a subset of patient PSAT
genotypes in a diploid yeast assay and develop a computational model that makes predictions for
~1.8 million potential allele combinations. In Chapter 3, I present an alternative strategy to
improve methods for generating double barcoded combinatorial libraries. This approach could be
used to experimentally measure large numbers of variant combinations in yeast diploids. In
Chapter 4, I summarize the research described in this dissertation and outline future areas of study

and the broader context of this work in the field of clinical genomics.



Chapter 2:
Predicting the functional effect of compound heterozygous genotypes

from large scale variant effect maps of missense variation

The work described here was performed by Michael J. Xie and collaborators. Aimée M. Dudley
conceived the project and supervised all experimental work. Michael J. Xie constructed and
assayed the variant library. Michael J. Xie and Martin S. Timour performed the DNA sequencing.
Gareth A. Cromie, Michelle Tang, and Katherine Owens developed computational pipelines. J.
Nathan Kutz supervised software development. Gareth A. Cromie and Michael J. Xie performed
all data analysis with supervision by Aimée M. Dudley. Michael J. Xie performed all protein
structure analysis with supervision from Richard N. McLaughlin. Gareth A. Cromie and Michael
J. Xie performed all comparisons to published clinical data with oversight by Ayman W. El-Hattab.
Michael J. Xie, Gareth A. Cromie, and Aimée M. Dudley wrote the manuscript and incorporated
comments from Ayman W. El-Hattab, Richard N. McLaughlin and J. Nathan Kutz. Writing from
this chapter is under revision and has been submitted as a manuscript under the same name.

2.1  Background

Identifying the presence of pathogenic sequence variants through whole exome/genome
sequencing has several potential advantages for diagnosing inherited metabolic diseases, such as
serine biosynthesis defects. However, this approach relies on having clinical interpretations for
rare variants, which are generally not available. Instead, within the current disease literature,
clinical sequencing has primarily been used as a tool by experts to provide molecular confirmation
once a patient has become symptomatic. High-throughput approaches to variant interpretation that
can be applied to rare variants are needed to increase the success rate of sequencing-based
diagnostics. Functional assays that can quantitatively measure variant effects on protein activity
[16] are an approach that can be used as part of the criteria for variant interpretation established
by the American College of Medical Genetics (ACMG) [7]. Improvements in DNA synthesis
technology have enabled time-and-cost effective methods for building large variant libraries.
When combined with high-throughput phenotyping methods, functional assays can
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comprehensively assess variants that have been identified in the human population as well as those
that may arise in the future [14,15].

Recently, our laboratory established a yeast-based assay for human PSAT! function [55].
PSAT catalyzes the reversible conversion of glutamate to a-ketoglutarate and 3-
phosphohydroxypyruvate (3-PHP) to phosphoserine [56]. PSAT belongs to a large family of fold
type I pyridoxal phosphate (PLP; the active form of vitamin b6) cofactor-dependent enzymes, and
more specifically, the class IV group of aminotransferases [57,58]. The crystal structure of human
PSAT complexed with PLP (PDB: 3e77; residues L17-L370) shows that the protein adopts an s-
shaped homodimer assembly in which two separate PLP-containing active sites surrounded by an
overall positive charge distribution reside along the interface (Figure 2-1.B). Each subunit of the
homodimer consists of two domains; a large domain, which forms the dimer interface and binds
PLP, and a small domain (Figure 2-1.A). Despite extensive literature on the structure and
biochemistry of PSAT [56], there is not a comprehensive understanding of which mutations at

which positions impair the ability of PSAT to support normal serine biosynthesis.
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Large Domain

Figure 2-1. Overall subunit organization and homodimer assembly of human PSAT. A Ribbon
diagram representation of the secondary structure of a subunit of PSAT (PDB 3¢77; L17-L370)
complexed with PLP (green) in stick representation. The small C-terminal domain is colored as
dark grey and large N-terminal domain as white. B Local charge distribution on the surface of the
PSAT homodimer assembly, on a scale of negative charge (-5 kT; red) to positive charge (+5 kT;
blue) as calculated by the Adaptive Poisson—Boltzmann Solver program.

Here, we apply our yeast-based assay at scale to quantify the functional impact of 1,914
amino acid substitutions that are accessible via a single nucleotide variant (SNV) in the human
PSATI coding sequence. Our results agree well with clinically interpreted alleles and with protein
structure-function relationships, supporting the use of our data as functional evidence under the
ACMG interpretation guidelines. In addition to assaying the functional impact of single variants
in yeast haploids, we construct and assay yeast diploids with pairwise combinations of PSATI
alleles that recapitulate human genotypes. The results of this diploid functional assay distinguish
patient genotypes from those of healthy carriers and agree with the stratification of patient
genotypes by disease severity. Finally, we developed a mathematical model that can accurately

predict biallelic function in diploids from pairwise combinations of individual allele activity

measured experimentally in haploids. Taken together, our work provides an example of how large-
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scale functional assays in model systems can be powerfully applied in the study of rare disease

and to inform future diagnostic efforts.

2.2 Methods

Strain library construction

All Saccharomyces cerevisiae strains used in this study (Supplementary Table S1 and
S2) were derived from the isogenic lab strains FY4 (MATa) and FY5 (MATa) [59]. Unless
otherwise noted, strains were grown in rich medium (YPD, 1% yeast extract, 2% peptone, and 2%
glucose) or minimal medium (SD, without amino acids, 2% glucose) using standard media
conditions and methods for yeast genetic manipulation [60]. Methodology concerning the design
and construction of the yeast codon-optimized version (yPSAT!) of human PSATI isoform 1, the
wild type (yPSATI) strain, the deletion (seriA0) strain, and individual variant strains were
previously described in Sirr et al [55].

Here, we describe the design and construction of a variant library ~10 fold larger and
modifications of the growth assay for high throughput as follows: The variant library was designed
to capture the amino acid substitutions resulting from all SNV-accessible missense mutations
across 369 codons, excluding the start and stop, in the human PSAT! isoform 1 cDNA sequence
(CCDS6660.1; Consensus Coding Sequence database [61]). The 9 possible single nucleotide
variants at each codon resulted in 4-7 unique amino acid substitutions. yPSAT] variants encoding
the complete set of these unique amino acid substitutions (n = 2,182) were synthesized (Twist
Biosciences) in yPSATI as an oligonucleotide library in which each well of a 96 well plate
contained all amino acid substitutions (n=4-7) at a given amino acid.

Individual wells of these plates were amplified to approximately 500 ng of DNA by 15-
cycles of high-fidelity PCR (Phusion High-Fidelity DNA Polymerase; Thermo Scientific) and

12



transformed into a MATa haploid deletion strain (ser/40) using standard methods. Single colonies
from the yeast transformations were isolated such that 6,335 individual transformants, each
encoding a single amino acid substitution, were arrayed into 96-well plates containing rich
medium. Because individual transformants are isolated and maintained as separate stocks (one
strain per well in a 96-well plate), each strain is an independently constructed biological isolate of
the variant it contains. For downstream phenotype normalization, each library plate also contained

replicates of the same control strains: 2 deletion (ser/40) and 4 wild type (yPSAT]) strains.

Variant library sequence confirmation

Because of the transformation approach described above, for each yPSAT! transformant,
we know which codon is mutated (target codon), but not which specific variant is present. To
determine this, we used a custom MinlON (Oxford Nanopore Technologies) sequencing pipeline.
Briefly, individual transformants were pooled in groups of 12, so that no target codon was
represented more than once in a single pool. Each pool was then sequenced and, at each target
codon, the most frequent potential variant codon was identified (candidate variant) as well as the
second most frequent variant. Because we know which target codon corresponds to which
transformant, this allows us to associate each candidate variant with a single transformant.

For any given DNA sequence, the frequency and pattern of Minlon sequencing errors
varies greatly from base to base. These errors can occur at frequencies high enough to generate
spurious matches to variant codons. However, the error patterns are also reproducible, allowing us
to develop an error model for each variant, describing the frequency with which it is generated by
sequencing errors. This frequency can be compared to the frequency observed for each candidate

variant in the pooled sequencing, allowing true variants to be distinguished from sequencing noise.
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Using this approach, candidate variants underwent quality control. Candidates were
rejected if the observed frequency of the variant was less than 3.3x the estimated error frequency
for that variant. In addition, candidates were also rejected if the second most frequent variant was
both enriched (>10-fold) relative to its error frequency and was observed at >30% of the frequency
of the candidate variant. Finally, candidates were rejected if they were supported by less than 15
reads, or if any missense or nonsense secondary mutations were present in the yPSAT1 sequence.
The end result of this process was that each transformant was assigned either a high confidence
call for the variant present in that transformant, or an NA call that resulted in that transformant

being removed from analysis.

Validating the MinION Variant Calls Using Illumina Sequencing

To validate our Oxford Nanopore pipeline, we performed amplicon sequencing on the
[llumina sequencing platform to confirm the variant in each well of each variant plate. These calls
were then compared to the result from the Oxford Nanopore pipeline. For the Illumina sequencing,
the yPSATI ORF was divided up into five ~300bp overlapping segments. The specific segment to
be amplified and sequenced corresponded to the known codon position of the variant within our
library. 35 cycles of PCR amplification were performed using genomic DNA as a template. The
initial PCR reaction was then diluted and used for an additional 24 cycles of PCR to add on
[Mlumina index sequences. The final PCR reactions were pooled and gel purified before performing
[llumina sequencing on a Nextseq 500 using 300-cycle, dual-indexed, paired-end sequencing.
Reads were demultiplexed and aligned to the yPSAT! reference sequence as described [55]. For
each isolate, the basecalls across the target codon position were used to identify the variant codon

sequence.
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Comparison of the MinlON and Illumina results revealed excellent agreement (95.5%) for
the MinlON calls passing the quality filters (Figure 2-2). Most of the “variants” failing the
MinlON quality filters are occasions when, as determined by the Illumina sequencing, no change
had actually been made at the target codon (i.e. wild type yPSATI sequence). As expected, for
these “no-change” isolates, the most frequent potential variant identified by the MinION pipeline
occurred at a low frequency similar to the error frequency for that variant (Figure 2-2.A). In
contrast, when a variant was present, it was observed at higher frequency and was correctly

identified with high accuracy.

erved Fraquency
d Frequency

fariant Observe

Variant Obs:

Figure 2-2.Agreement between yPSATI variant codons identified by Oxford Nanopore versus
[Mlumina sequencing. For each variant call, the observed ratio of Oxford Nanopore variant to
reference reads (expected to be 1/12) is plotted against the empirically calculated error ratio. Blue
dotted line indicates 1:1 relationship between observed and error ratios. Quality filters require
observed variant frequency to be >3.3 times the error frequency (red line). A Variant calls in
agreement with Illumina shown in black. Disagreements where [llumina identifies no change at
the target codon (i.e. reference sequence) shown in blue. Remaining disagreements shown in red.
B As in A except that variants failing quality control filters are colored in grey.

Generation of Yeast Diploids
Unless noted, all yPSAT] variants are in a single mating type (MATa) (Additional File 1:
Table S1). To generate diploid strains harboring combinations of yPSAT] alleles (missense variant,

wild type, or null), variants were first introduced into a strain of the opposite mating type. The
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resulting yPSATI MATa strains were then mated in a pairwise manner to the relevant yPSAT]
MATa strains using standard methods [62]. The resulting diploid strains, harboring combinations
of yPSATI alleles (Additional File 1: Table S2), were then arrayed in an alternating checkerboard
pattern that minimizes the influence of nutrient competition from neighboring colonies during

phenotype measurement.

Growth assays

Before phenotyping, the set of variant strains generated in this study were extended to
include the haploid strains carrying missense variants constructed and sequence confirmed by Sirr
et al [55]. These additional strains were re-arrayed to match the phenotyping layout used in this
study, with at least 2 isolates of each variant. Additional control plates included a plate with wild
type at every position, and plates consisting entirely of D100A or A99V (with control positions)
VPSATI strains, which are ClinVar pathogenic alleles encoding missense variants.

A Biomek 17 robot outfitted with a V&P 96-pin head was utilized to pin strain plate libraries
between different culture media. Strains were initially grown to saturation in rich medium and then
pinned onto solid medium utilizing glycerol as the central carbon source (YPG,1% yeast extract,
2% peptone, 2% glycerol) to remove any yeast cells lacking mitochondria (petite). Strains were
then pinned back into rich medium and grown to saturation. Each plate was then pinned in replicate
(n=3-6) onto solid minimal medium, which lacks serine, and grown for 3 days at 30°C. A mounted
Canon PowerShot SX10 IS compact digital camera was used to take images (ISO200, f4.5, 1/40s
exposure) every 24 hours for three days under consistent lighting, camera to subject distance, and
zoom. Each plate was labeled with a custom code39 barcode that was included in the frame of

view. Images were acquired as jpg files.
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Image-based growth quantification

Each plate image was processed using PyPI8 (https://github.com/lacyk3/PyPI8) to extract

features from each strain patch in each barcoded agar plate as follows (Figure 2-3): First, the
barcode within each image was detected and decoded to rename each file using the corresponding
plate name, replicate number, condition, and timepoint. Next, each image was cropped into 96
square tiles, segmented, and each replica pinned patch was identified using Otsu’s method or circle
detection. Finally, the sum of the gray scale pixel intensities within each strain patch (pixelsum),

was extracted and used as the metric for growth estimation.

Cropping Segmentation Feature Extraction
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Figure 2-3. Overview of the image-based growth quantification processing pipeline.
Growth data fitting and normalization

For haploid strains, raw phenotypic values were normalized, quality control filters were
applied to each isolate, and a final relative growth estimate for each variant was determined, as
described in Lo et a/ [63]. Briefly, normalization steps were carried out to account for the effects
of plate-to-plate variation, relative growth of neighboring patches, and plate edge effects. Pin effect
normalization did not reduce noise and was omitted. Isolates with (nonsynonymous) secondary
mutations were removed from the dataset as were all isolates of variants that showed a high degree

of variation in isolate-to-isolate growth values. This left a final filtered dataset of 5,164
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independent isolates. Finally, a linear model was used to estimate the relative growth of each
genotype on a scale with growth of null controls set to 0 and growth of wild type set to 1. The
script carrying out the growth normalization steps is provided as Additional File 4.

A similar approach was applied to phenotypic values extracted from the diploid growth
assay, although neighbor effects were assumed negligible because of the checkerboard pinning
arrangement. For normalization, a linear model was used to simultaneously estimate the effects of
genotype, plate edge positioning and plate-to-plate variation on growth. Genotype effects were

rescaled to set homozygous null to 0 and homozygous wild type to 1.

Predicting diploid growth

We developed a linear model to predict the growth of diploid strains based on which pair
of yPSATI variants is present, using individual growth estimates of each allele in haploids. In this
model, for each diploid, the (haploid) growth estimates of the lower and higher growth alleles were
labelled as minimum and maximum (j, k), respectively. In cases of homozygous combinations, the
minimum and maximum were equal. Strains carrying a single copy of the wild type allele
(yPSATI) or null (ser!A0) had their respective haploid estimates set equal to 1 and 0. To predict
diploid growth (d) from the more impaired (x;) and less impaired (xy) alleles, we performed an
ordinary least squares regression to fit an additive pairwise model (d = a + bx; + cx;), with
resulting coefficients being a=0.05, b=0.28, and ¢ =0.73. We also compared this model to two
simpler regression models. In the first model, diploid growth was predicted from the mean of the
haploid estimates (x; = x). In the second, diploid growth was predicted from the higher growing
haploid allele only, i.e. complete dominance (x; = 0). Leave one out cross validation was used to

assess model performance in the best model.
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Next, we evaluated the performance of experimental versus predicted growth as a binary
classifier for identifying genotypes matching those of patients diagnosed with PSAT-related
serine biosynthesis defects vs carrier parents. We fit a logistic regression model to both
experimentally measured diploid growth values (Log(p/1-p) = e + fy,) and predicted diploid
growth values (Log(p/1-p) = g + hy,,) calculated from the additive pairwise model. The resulting
coefficients for the regression models were e=-7.7, f=10.7, g=-20.0, and h=27.2. The logistic
regression models indicated a threshold (p=0.5) decision value of 72% and 73% for experimental

and predicted diploid growth, respectively.

Protein structure and conservation analysis

Structural features were derived from the crystal structure of human phosphoserine
aminotransferase isoform 1 complexed with pyridoxal phosphate cofactor (PDB: 3e77; subunit
L17-L370, homodimer biological assembly). Secondary structure features were extracted from this
crystal structure using DSSP software [64,65]. AlphaFold (version 2022-11-01) [66,67] was used
to predict the structure of the missing 16 N-terminal residues. Molecular visualizations were
created using the PyMol Molecular Graphics System Version 2.3.2 (Schrdodinger). Tools from the
publicly available PyMol script and plugin repository were used to determine interfacial residues
and charge distribution. Dimer interface residues were defined as residues at which the solvent-
exposed surface area in the monomeric model is greater than the solvent-exposed surface area in
the dimer model (cutoff value = 0.5 A?). Macromolecular electrostatics were estimated for each
residue of PDB 3e77 using the Adaptive Poisson-Boltzmann Solver PyMol plugin. Evolutionary
conservation scores and ‘grades’ for each position of the full-length amino acid sequence of human

PSAT (UniProtID [68] Q9Y617-1) were computed using ConSurf [69]. All parameters for the
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ConSurf calculation were the same as the methodology outlined in creating the ConSurf-DB
repository [70], with the best evolutionary model determined to be WAG. The evolutionary
conservation scores and ‘grades’ represent the calculated positional conservation based on an
amino acid alignment of 300 diverse homologs of PSAT. The determined structure and

conservation features for each amino acid position is provided in Additional File 1: Table S6.

2.3  Results

2.3.1 Surveying the functional impact of large-scale missense variation in PSAT1

Our laboratory previously established a yeast-based complementation assay that leveraged
the ability of the human PSAT! coding sequence to functionally replace its yeast ortholog, SER1
[55]. In this assay, growth on minimal medium lacking serine provides a quantitative readout of
PSAT activity, allowing the functional impact of protein coding variants to be assessed. Variant
impact is expressed on a relatively intuitive scale of activity between the level of yeast growth
associated with no activity (that of a complete gene deletion) and that conferred by the wild type
human protein coding sequence (yPSAT1). Variants causing a reduction in PSAT activity could
have their effect via decreases in enzymatic activity, protein stability, or a combination of both.

In this study, we applied the assay at scale to measure the effect of thousands of amino acid
substitutions as follows. First, with the exception of the translational initiation and termination
codons, we identified all unique amino acid substitutions (n = 2,182) that were accessible via a
SNV across the full length of human PSAT/ isoform 1 cDNA (1,113 bp). Variant codons encoding
each amino acid substitution were then introduced into the yeast codon-optimized version of

PSATI (yPSATI). The resulting variant library was transformed into a haploid SER/ deletion strain
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(ser140) and integrated in single copy at the SER/ locus of the yeast genome, under the control of
the endogenous SERI transcriptional promoter and terminator. Next, transformants were
individually arrayed in 96-well plate format, and the identity of the variant codon present in each
transformant was determined by Oxford Nanopore MinlON sequencing (Methods). Strains that
harbored secondary mutations in the protein coding sequence were removed from further
consideration. The arrayed strain library was then grown, in triplicate, on solid medium lacking
serine and imaged after three days at 30°C. Data from these images were used to measure the
growth of each strain, relative to wild type (vPSAT!) and null (ser/40), using a custom automated
image analysis pipeline and normalization software (Methods).

Here, we report the functional impact of 1,914 amino acid substitutions in PSATI
(Additional File 1: Table S3), corresponding to ~88% of all unique SNV-accessible amino acid
substitutions (n=2,182) in the human PSAT! cDNA sequence. A subset of these substitutions
(n=196) was also assayed in our previous study [55] which included the full set of PSA77 missense
variants described in ClinVar, gnomAD, or the clinical literature at that time. Reanalysis in the
current study allowed us to assess these amino acid substitutions using an improved data
processing pipeline as the 1,718 new substitutions, thereby placing them on a common scale to
facilitate direct comparison. Despite the use of slightly different data analysis pipelines, there was
excellent agreement (R?=0.94) between the normalized growth estimates of the 196 substitutions
in the two studies.

Among the full set of 1,914 amino acid substitutions, the distribution of growth values was
bimodal, with a large peak centered near the value of the wild type yPSATI strain (normalized
growth=1) and a smaller peak centered around the value of the null (deletion) strain (normalized

growth=0) (Figure 2-4). These results are consistent with a large group of protein coding variants
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showing little or no functional impairment relative to wild type, and a smaller group behaving as
complete loss of function alleles, comparable to the null control. The remaining protein coding
variants showed varying levels of functional impairment (Figure 2-4). On this basis, we classified
amino acid substitutions in our assay as follows. Substitutions with <95% normalized growth were
considered functionally impaired relative to wild type and the remaining substitutions (>95%
normalized growth) were considered unimpaired. Among the impaired class, we further defined
any substitutions resulting in <5% normalized growth (i.e. comparable to that of the null control)
as amorphs, and any substitutions resulting in less severe functional impairment (>5% and <95%

normalized growth) as hypomorphs.

100 -
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Figure 2-4. Distribution of variant effect for 1,914 PSAT1 unique SNV-accessible missense amino
acid substitutions. Frequency (in 5% intervals) of experimentally measured yeast growth values
scaled relative to wild type yPSATI1 (normalized growth=1) and null (normalized growth=0).

22



2.3.2 Mapping functional effects to protein structure and conservation

Our dataset of 1,914 PSAT variants assesses the functional impact of the 4-7 SNV-
accessible amino acid substitutions at each position across the length of the human PSAT protein
(370 aa). At some positions, the majority of SNV-accessible variants exhibited some degree of
functional impairment, while other positions were mutationally tolerant to all sampled variants
(Figure 2-5.A). To provide a better understanding of the impact of missense substitutions on
protein function, we examined the results of our assay in the context of evolutionary and structural
features of the protein [40].

The overall structural organization and active site architecture of PSAT are conserved with
other members of the class IV family of aminotransferases [58], and phosphoserine
aminotransferases from eukaryotic and prokaryotic organisms [71]. To examine our functional
scores in the context of evolutionary conservation, we used ConSurf [69] scores (Methods), which
are derived from amino acid sequence alignments of homologs. As illustrated in Figure 2-5, more
conserved (negative ConSurf score) regions localize near the interfacial active sites of the PSAT
protein. We expected that highly conserved residues in PSAT would be sensitive to amino acid
substitutions. Consistent with this hypothesis, there was a highly significant correlation (Spearman
rank correlation=0.47, p < 7.2 x 10?2, Figure 2-6.A) between the ConSurf score for a residue and
the median yeast assay score for substitutions at that residue. As expected, more conserved
residues displayed lower median growth. Examining the relationship between the ConSurf scores
at a residue and the growth of individual substitutions at that residue further resolved this
relationship (Figure 2-6.B). Amino acid substitutions that impaired PSAT activity were

concentrated at highly conserved residues within PSAT (Figure 2-5.C). However, while few
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amino acid substitutions at weakly conserved residues exhibited impairment of PSAT function,

many substitutions at conserved positions did not (Figure 2-5 and Figure 2-6.B).
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Figure 2-5 Missense variant effect map across the length of human PSAT compared to structural
features and conservation. A The top plot depicts the growth of the possible 4-7 substitutions
introduced at each amino acid position, ordered from highest (top) to lowest (bottom) growth.
Overlayed below are the functional residues of PSAT, secondary structure, and ConSurf
evolutionary conservation scores. Subunit domains are indicated above. Residues implicated in
substrate binding, formation of the dimer interface, or cofactor binding are shown as circles
(righthand legend). Helices and beta-sheets are depicted as gray cylinders and arrows, respectively.
Turns shown as upward half-coils. The black dotted line represents secondary structures that were
unavailable in the solved crystal structure (PDB: 3e77; L17-L370). More negative ConSurf scores
indicate more conserved positions. B Subunit surface colored by the ConSurf evolutionary
conservation grade and C subunit surface colored by median yeast growth estimate per position.
Two PLP cofactors are shown in each surface representation (B,C) to indicate the other interfacial
active site bound to the opposite subunit (not depicted).
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Figure 2-6. Comparison of haploid yeast growth scores and ConSurf conservation scores for each
corresponding PSAT amino acid position. More negative conservation scores indicate more
conserved scores. A Scatter plot of the median yeast substitution score and ConSurf score per
amino acid position. B Scatter plot of haploid yeast growth scores for each substitution and the
ConSurf score for their amino acid position. The corresponding Spearman rank correlation (p) is
labeled on each plot (p<7.2 x 10-22 in A, p<1.5 x 10-62 in B).

We next considered results of our assay in the context of protein structure. We analyzed a
subset of highly conserved functional positions around the active sites, where we see a
concentration of residues intolerant to substitutions (Figure 2-5). This subset consisted of 12
cofactor binding residues and 5 substrate binding residues. Consistent with the expectation that
these sites would be sensitive to amino acid substitutions, we observed that the median growth of
variants at these positions was only 7.3%, significantly, and very substantially, lower than the
global median of 93.6% (p< 1x10°°, one sided permutation test).

We next examined the functional impact of variants at each of these positions individually.
In the crystal structure of PSAT complexed with PLP (PDB: 3e77), 12 residues directly interact
with the functional groups of the cofactor (Figure 2-7.A and Figure 2-7.B) either in pyridoxal
ring binding/ coordination or in phosphate group binding. We expected that amino acid
substitutions at residues involved in pyridoxal ring binding or coordination would be sensitive to

amino acid substitutions (Figure 2-7.A), as this functional group is directly involved in catalysis

[58,72,73]. In fact, all tested substitutions at these six residues (K200, D176, T156, W107, S178,
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and S179) were functionally impaired. The majority of these, (19/29), including all SNV-
accessible missense variants at the catalytic lysine (K200) were amorphic (Figure 2-7.C). Next,
we examined the six residues that participate in phosphate group binding, which may not
participate directly in catalysis and whose functional role is less well understood (Figure 2-7.B).
The phosphate group may act as an anchor point to the protein [74], or even directly interact with
nearby substrates [73]. At three of these positions (G78, G79, and Q199) all variants were
functionally impaired and had amorphic median growth scores (Figure 2-7.C). Functionally
impaired variants were also observed at C80, N241%*, and T242*(asterisk indicates residues from
opposite subunit), although some substitutions were tolerated (Figure 2-7.C). Interestingly, most
substitutions at the C80 residue are not impaired relative to wild type with the only exception being
C80R (growth score=80%). It has been hypothesized that C80 contributes to the higher
phosphoserine substrate affinity (Km = 5 puM) observed in human PSAT relative to other
phosphoserine aminotransferases [71], and possibly the positive charge introduction represented
by C80R negatively impacts this binding.

Because the human PSAT crystal structure was solved only without bound substrate, we
considered 5 conserved substrate binding residues that were identified in Escherichia coli [75],
Bacillus alcalophilus [76], and Arabidopsis thaliana [77)] phosphoserine aminotransferases that
had crystal structures of phosphoserine or a-methyl-L-glutamate (analog) bound states. Amino
acid substitutions at all but one of these sites, corresponding to H335, R336, R342, H44* and R45*
(asterisk indicates residues from opposite subunit) in human PSAT, show strong loss of function
(Figure 2-7.D and Figure 2-7.E). The exception is R336, which displayed activity similar to wild
type for all tested substitutions. Thus, R336 may be a conserved residue that does not directly

participate in substrate stabilization in PSAT, but does in other orthologs.
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Figure 2-7. Functional impact of amino acid substitutions at active site residues. Stick
representations for residues in one subunit are colored in cyan, residues from the opposite subunit
in the homodimer assembly are in yellow, and the PLP cofactor in green in all panels where the
crystal structure of human PSAT complexed with PLP (PDB: 3e77) is visualized. A-B
Organization of PLP cofactor binding residues. Hydrogen bonding is depicted by dashed black
lines and nearby water molecules are represented by white spheres. A Residues that bind or
coordinate PLP’s heterocyclic ring, with the catalytic lysine shown covalently bound to PLP. B
Residues that bind to the phosphate group of PLP. C The distribution of variant growth scores for
cofactor binding residues, colored according to the amino acid that it is substituted as shown (Mut
AA). Asterisks here denote amino acids from the other subunit. The median growth score for each
position is shown as a horizontal grey bar. D Relative position of highly conserved substrate
binding residues to PLP, in the unbound (no substrate) state. E The distribution of functional
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effects for these conserved substrate binding residues, with the same coloring scheme and
annotation as in C.

The solved human PSAT crystal structure also lacks the first 16 N-terminal amino acids
(PDB: 3e77), in which we observe a cluster of sites intolerant to amino acid substitution (residues
11-14) (Figure 2-7.A). AlphaFold [66,67] predicts that these residues are located in the small
domain, proximal to the active site (Figure 2-8). Interestingly, a deletion of 4 N-terminal residues
in Entamoeba histolytica phosphoserine aminotransferase, corresponding to P12-A15 in human
PSAT, yielded a mutant enzyme that had reduced substrate (phosphoserine) affinity, as well as a
10-fold reduction in activity [78]. Additionally, a serine residue involved in binding the analog
substrate has been identified in E. coli [75], corresponding to P12 in human PSAT. Thus, residues
within the first 16 N-terminal residues of human PSAT protein may be involved in substrate

binding.
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Figure 2-8. Predicted subunit structure for human PSAT. A Cartoon and B surface representation
of the subunit structure for human PSAT (UniProtID=Q9Y617-1, version 2002-01-23) [68], as
predicted by AlphaFold (version 2022-11-01) [66,67]. Small and large domains are labeled on
both. The PLP cofactor (green) is represented as a stick and was transplanted into the predicted
structure using AlphaFill [79], to better visual the location of one of the active sites. Residues with
AlphaFold per-residue confidence scores (pLDDT) of very confident ratings (>90) are colored in
blue (V8-K16). Residues below this confidence rating of very confident (<90), are shown in yellow
(M1-V7).
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2.3.3 Mapping functional effects to clinical interpretations

We next compared our results to clinical classifications for all corresponding missense
variants in ClinVar. We expected that substitutions derived from known pathogenic variants would
produce strong reductions in PSAT activity in our assay, while those derived from known benign
variants would have activities comparable to wild type or display only weak reductions in activity.
Of the 90 amino acid substitutions derived from variants currently in ClinVar (November 3, 2022,
release), three (S179L, A99V, and D100A) are from variants annotated as pathogenic/likely
pathogenic, two (I123V and P295R) from variants annotated as benign/likely-benign, and three
(V149M, A234S, and R306C) from variants with conflicting interpretations [80]. Since our
previous study [55], while the small number of missense alleles with definitive clinical
significance calls remained largely unchanged, the number of missense VUS increased nearly 12-
fold (from 7 to 82). Consistent with expectation and our previous results [55], the pathogenic/likely
pathogenic substitutions all resulted in substantial functional impairment in our assay, with
normalized growth values of 82% or below. Similarly, the benign/likely-benign substitutions
demonstrated little impairment, with normalized growth values above 91% (Figure 2-9).

Data from validated functional assays are potentially valuable as supporting evidence for
variant annotation according to the ACMG guidelines [7]. A challenge for rare diseases, such as
serine deficiency disorders, is that the limited number of well characterized pathogenic and benign
variants precludes the use of current methods, such as odds of pathogenicity [81], for deriving
formal measures of classification confidence. As an alternative approach for providing guidance
for the use of our data in clinical interpretation, we used a simple thresholding approach, similar
that that used in our previous study [55]. Guided by the assay scores of amino acid substitutions

with definitive clinical significance calls (Figure 2-9), we classified as deleterious any
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substitutions with <82% growth in our assay, which is less than or equal to the scores of
substitutions derived from known pathogenic variants (Figure 2-9). We also defined a non-
deleterious range for scores >91%, which is greater than or equal to the scores of substitutions
derived from known benign variants (Figure 2-9). Because increases in enzyme activity above
wild type have not been associated with serine deficiency disorders, we included values greater
than wild type in the non-deleterious range. Finally, because there are no clinically annotated
variants associated with substitutions having scores between 82% and 91%, this range of the assay
is of unknown clinical significance, and we have labeled this range uncertain. Within these ranges
of our assay, 534 (28%) of all amino acid substitutions are deleterious, 1,100 (57%) are non-
deleterious, and 280 (15%) are uncertain (Figure 2-9). Of the 80 ClinVar missense variants
currently annotated as VUS that were tested in our assay, 22 result in substitutions that fall in our
deleterious range, 41 in our non-deleterious range and 17 in the uncertain range. Thus, our dataset
provides functional information for a large number of variants that lack clinical interpretation,

including 77% of the missense VUS currently listed in ClinVar.
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Figure 2-9. Mutational scan of 1,914 PSAT1 unique SNV-accessible missense amino acid
substitutions. Rank ordered (lowest to highest) normalized variant growth. Black dots represent
the mean normalized growth estimate for each substitution, with light grey bars indicating standard
errors. All current ClinVar annotations associated with tested substitutions are labelled above their
growth estimate as benign/likely-benign (green), pathogenic/likely-pathogenic (magenta),
conflicting interpretations (yellow), or as an asterisk below their growth estimate if they are of
uncertain significance (dark grey). The boxed panel depicts the stratification of normalized growth
estimates, based on thresholds derived from ClinVar clinical annotation, into functionally
unimpaired (green), indeterminate (gray), or functionally impaired (magenta) ranges.

2.3.4 Experimental models of homozygous and compound heterozygous genotypes

Pathogenic variants in PSAT] cause disease that ranges from severe (Neu-Laxova
syndrome 2, NLS2) to milder forms (PSAT deficiency, PSATD). These are collectively referred
to as NLS2/PSATD, or individually when clinical severity is discussed specifically. Because
NLS2/PSATD is an autosomal recessive disease, clinical manifestation depends on the enzymatic
function conferred by the combination of PSAT alleles in the patient’s genome. The ability to

generate stable diploid yeast cells by mating haploids allows us to model diploid human PSATI
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genotypes in yeast and quantitively assess the function of allele pairs. As in our previous study

[55], we used our growth assay to functionally assess pairwise combinations of protein-coding

variants across all reported unique patient (and carrier parent) genotypes available at the time (

Table 1). Since our previous study [55], six additional reports [49-51,82—84] have added

descriptions of 20 new NLS2/PSATD patients and twelve unique genotypes to the disease

literature (

Table 1).
Table 1. Disease literature review of patients diagnosed with PSAT/-related serine biosynthesis
defects.

Reference | Patient Parent Allele 1 Parent Allele 2 Phenotype

(PMID)

36061210 | Shen Patient 1 c.43G>C ¢.43G>C (p.Alal5Pro) | PSATD
(p.Alal5Pro)

36061210 | Shen Patient 2 c.43G>C ¢.43G>C (p.Alal5Pro) | PSATD
(p.Alal5Pro)

34089226 | Debs Patient 1 c.43G>C c.467C>T PSATD
(p.Alal5Pro) (p-Thr156Met)

26610677 | Brassier Patient 2 c.129T>G c.129T>G PSATD
(p-Ser43Arg) (p-Ser43Arg)

32579715 | Abdelfattah Patient 6a c.129T>G c.129T>G Mild NLS / PSATD
(p-Ser43Arg) (p-Ser43Arg)

17436247 | Hart Patient 1 ¢.299A>C c.delG107 PSATD
(p.-Aspl100Ala) (p-Gly36Ala fs*5)

17436247 | Hart_Patient 2 ¢.299A>C c.delG107 PSATD
(p-Aspl00Ala) (p.Gly36Ala_fs*5)

29269105 | Glinton Patient 4 c.44C>T c.432delA PSATD
(p-Alal5Val) (p.Aspl45Met f5*49)

30122079 | Zaltsberg_Patient 1 c.44C>T c.432delA PSATD
(p-Alal5Val) (p.Aspl45Met f5*49)

27161889 | El-Hattab Patient 2 ¢.296C>T c.296C>T NLS2 / PSATD
(p-Ala99Val) (p.Ala99Val)

25152457 | Acuna-Hidalgo Patient 1 | c.del1023 1027deli | c.del1023 1027delins | NLS2
nsAGACCT AGACCT
(p.-Arg342Asp fs*6) | (p.Arg342Asp fs*6)

25152457 | Acuna-Hidalgo Patient 2 | ¢.296C>T c.296C>T NLS2
(p-Ala99Val) (p-Ala99Val)

25152457 | Acuna-Hidalgo Patient 3 | ¢.536C>T ¢.536C>T NLS2
(p.Ser179Leu) (p.Ser179Leu)

25152457 | Acuna-Hidalgo Patient 4 | c.296C>T c.296C>T NLS2
(p-Ala99Val) (p-Ala99Val)

25152457 | Acuna-Hidalgo Patient 5 | ¢.296C>T c.296C>T NLS2
(p-Ala99Val) (p-Ala99Val)

25152457 | Acuna-Hidalgo Patient 6 | c.296C>T ¢.536C>T NLS2
(p.Ala99Val) (p.Ser179Leu)
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32579715 | Abdelfattah Patient Sa c.1A->G (p.?) c.1A->G (p.?) NLS2

32579715 | Abdelfattah Patient 5b c.1A->G (p.?) c.1A->G (p.?) NLS2

32579715 | Abdelfattah Patient 7a c.181C>T c.296C>T NLS2
(p.Arg61Trp) (p-Ala99Val)

32579715 | Abdelfattah Patient 7b c.181C>T c.296C>T NLS2
(p.Arg61Trp) (p-Ala99Val)

32579715 | Abdelfattah Patient 8 c.235G>T c.235G>T NLS2
(p.Gly79Trp) (p.Gly79Trp)

32579715 | Abdelfattah Patient 9 c.296C>T ¢.296C>T NLS2
(p.Ala99Val) (p.Ala99Val)

32579715 | Abdelfattah Patient 10 c.296C>T c.870?1G>T (splicing) | NLS2
(p.Ala99Val)

32579715 | Abdelfattah Patient 12 c.733T>C c.733T>C NLS2
(p.Cys245Arg) (p.Cys245Arg)

32579715 | Abdelfattah Patient 13 c.463G>C ¢.870?71G>T (splicing) | NLS2
(p.Glul55GIn)

32579715 | Abdelfattah Patient 14 c.87071G>T ¢.870?71G>T (splicing) | NLS2
(splicing)

32579715 | Abdelfattah Patient 15a c.955delA c.955delA NLS2
(p-Arg319Asp fs*1 | (p.Arg319Asp fs*14)
4)

32579715 | Abdelfattah Patient 15b c.955delA c.955delA NLS2
(p-Arg319Asp fs*1 | (p.Arg319Asp fs*14)
4)

28600779 | Monies 16W-0250/16N- | ¢.233G>C ¢.233G>C NLS2

0116 (p.Gly78Ala) (p.Gly78Ala)

31903955 | Ni_Patient 1 c.208T>A c.1024C>T NLS2
(p.Tyr70Asn) (p.-Arg342Trp)

35885441 | Olave Patient 1 c.296C>T c.296C>T NLS2
(p.Ala99Val) (p.Ala99Val)

To experimentally measure the functional impact of these allele combinations in our yeast
assay, we constructed diploid strains harboring yPSATI allele combinations encoding the same
pair of PSAT1 amino acid sequences as the human genotypes. We then assayed the growth of these
strains relative to homozygous wild type (yPSAT!) and null (ser/A0) on minimal medium lacking
serine. Previously constructued yPSAT! diploid strains encoding homozygous A99V or S43R, and
the compound heterzygote A99V / S179L [55], were also included for comparision. Although the
growth of strains modelling some patient genotypes was close to that of strains modelling some
carrier genotypes, all modelled patient genotypes (Additional File 1: Table S5) displayed reduced

growth relative to their respective carrier parents and the homozygous wildtype (Figure 2-10.B).
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Consistent with our previous study [55], we also observed good agreement between the degree of
PSATI functional impairment in our diploid assay and disease severity (Figure 2-10.B). Diploids
corresponding to genotypes from NLS2 patients had normalized growth from 0% to 77%, and

diploids corresponding to genotypes from PSATD patients had a higher normalized growth range
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Figure 2-10 Modeling PSAT activity in patient genotypes. Both bar plots show the mean
normalized growth estimate and standard errors. A Haploid growth estimates for novel (purple)
[28-30,64] and established [25,26] (pink) missense alleles in patient amino acid substitutions. B
Diploid yeast models of patient trios. Carrier parents are shown in light and dark grey, and the
offspring in magenta. Recurrent carrier genotypes are repeated for ease of reference relative to the
offspring. The clinical severity (NLS2 or PSATD) associated with patient genotypes is indicated.
Asterisks denote offspring genotypes that have been reported in multiple unrelated families.

Our assay results are also consistent with clinical stratification within the NLS2 and
PSATD patient groups. For PSATD, the A15P / A15P homozygous genotype is the least impaired
in our assay (88% growth) and is also the mildest form of PSATD reported to date. A recent report

[51] described two unrelated patients that, other than congenital or childhood ichthyosis, were

developmentally normal and displayed neuropathy onset at ages 16 and 17. For NLS2, the two
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genotypes with the lowest growth in our assay (G79W / G79W and C245R / C245R) correspond
to patients displaying severe NLS2 [49]. Three of the remaining NLS2 genotypes modelled here
(Y70N / R342W, A99V / S179L, A99V / R61W) display higher growth in our assay and
correspond to patients described as having moderate NLS expression [46,49,82]. Among these,
Y70N / R342W was the most impaired in our assay (18% growth), and the patient had a postnatal
survival of 8 weeks [82]. In contrast, the individual harboring R61W / A99V (77% growth, least
impaired) had the longest NLS2-associated postnatal survival described to date (4 months) [49].
Patients homozygous for the A99V genotype (60% growth) exhibit variable postnatal survival
(ranging from 1 day to 9 weeks) [46,49,54]. Together, these results highlight the potential value

of our model organism assay for variant interpretation in the context of diploid PSAT genotypes.

2.3.5 Predicting biallelic effects from individual allele measurements

Experimentally assessing the level of PSAT activity associated with all allele-pairs would
require construction and assays of 1.83 million diploid yeast strains. As a more labor and cost-
effective alternative, we evaluated whether a relationship exists between individual haploid
estimates and their resulting diploid growth in combination. For homozygous diploids, a linear

relationship was seen between haploid and diploid growth estimates (Figure 2-11, R>=0.98).
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Figure 2-11. Comparison of experimentally measured haploid and diploid growth scores for PSAT
variants that are in homozygous patient (NLS2 or PSATD) genotypes. Scatter plot of normalized
haploid and diploid growth scores. Haploid scores were scaled relative to wild type yPSATI
(normalized growth=1) and null (normalized growth=0). Diploid scores were scaled relative to
homozygous wild type yPSATI / yPSATI (normalized growth=1) and null / null (normalized
growth=0). The black dotted line represents a 1:1 correspondence between the haploid and diploid
scores. The blue dotted line indicated the observed correlation (R*=0.98) with slope of 1.0 and
intercept of 0.09.

To extend this analysis to heterozygous genotypes, we fit a model to our experimental
diploid dataset of both patient and carrier genotypes (n = 23), to predict diploid growth as a linear
combination of the allele with the higher and the allele with the lower haploid growth values
(Figure 2-12.A). This model assumed a uniform degree of dominance of the higher growing allele
over the lower growing allele and explained 97% of variance in the growth of the diploids. To
compare how this model performed relative to alternatives with simpler assumptions, we also
generated models that assumed either complete dominance of the higher-growing allele or an equal

contribution of both alleles (Figure 2-12.B and Figure 2-12.C). Our full model performed

significantly better than either of the alternative models (Anova, Df=1; p=<5.4x10" and p<2.3x10-
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6 respectively). Leave one out cross validation of the pairwise model displayed an excellent ability

to predict diploid growth from haploid measurements (RMSE = 0.0698 and MAE=0.0566).
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Figure 2-12. Experimental and predicted biallelic growth values as clinical classifiers. Observed
versus fitted values shown for three linear regression models (pairwise additive, A; simple
dominant, B; and simple average, C) predicting diploid growth (allele pairs) as a function of
haploid growth (single alleles). Each circle represents a unique biallelic combination. Patient,
carrier, and control strains are labeled as indicated. A diagonal line of perfect correspondence (1:1
ratio) and the coefficient of determination (R?) for each model are included for ease of comparison.
Decision boundaries for observed (72%) versus predicted (73%) diploid growth as a binary
classifier for identifying patient genotypes modeled in our diploid assay are shown as horizontal
and vertical dotted grey and black lines in A, respectively. Confidence intervals (95%) for each
model are shaded in purple. D Heatmap of the predicted diploid growth value for all possible
pairwise combinations of haploid allele measurements. E Frequency of predicted diploid growth
values (in 5% bins) for all ~1.8M combinations of alleles. The decision boundary of 73% is shown
as a black dotted line in D and E.

We next compared the results of applying logistic regression to experimental and predicted

diploid growth values to produce binary classifiers capable of distinguishing the low growing
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genotypes of NLS2/PSATD patients (n=9) from the high growing carrier parent genotypes in our
trio models (n=10). The threshold growth values at the decision boundary (p=0.5) were similar for
both approaches: 72% for experimental and 73% for predicted diploid growth. Interestingly, the
decision boundary using predicted values performed better than that of the experimental values,
misclassifying only one patient genotype (AI15SP / A15P) versus four for the model using
experimental values (Figure 2-12.A). It is likely the haploid estimates used to make predictions
on diploid growth were more accurate than the experimental diploid estimates as they were
generated from a larger number of experimental replicates. These results suggest that diploid
growth values predicted from haploid measurements perform well in clinical classification of
human PSAT] genotypes.

On this basis, we computed the predicted diploid growth from all unique pairwise
combinations (~1.8 million) of haploid estimates from 1,914 yPSATI missense alleles, wild type
(yPSATI), and null (ser! A0) using the pairwise-additive model Figure 2-12.A). We then classified
whether the resulting values fell above or below the disease classification boundary of 73%
growth. A large majority (89%) of genotypes fell above the decision boundary threshold,
suggesting these genotypes would not lead to NLS2/PSATD Figure 2-12.D and Figure 2-12.E).
However, over 200,000 yPSAT! biallelic combinations displayed predicted diploid growth below

the classification threshold, consistent with these genotypes resulting in disease (Figure 2-12.E).

2.4 Discussion

Here, we present a comprehensive functional analysis of amino acid substitutions
associated with SNVs in human PSAT. Leveraging such data for clinical interpretation requires
an understanding of the relationship between enzyme function and clinical presentation. Our
dataset shows clear stratification of existing clinical variants, with benign variants exhibiting little
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to no functional impairment, and pathogenic variants exhibiting substantial loss of activity. On this
basis, we were able to use the small number of variants with existing clinical interpretation to
provide evidence for the likely clinical impact of the large number of variants in similar ranges of
the assay. As additional clinical information becomes available through identification of new
patients and additional research into the natural history of the disease, the ability to make clinical
inferences using our dataset will improve. In the three years since our original study [55],
additional patients were described in the disease literature. Not only was there good agreement
between the results of our assay and disease severity in these patients, but this additional clinical
information also allowed us to extend the range of our assay associated with clinical outcomes.
Given that the therapeutic potential for this medically actionable disorder is highest before
patients become symptomatic, clinical sequencing coupled to informative variant interpretation
can be a powerful diagnostic tool. Sequencing based diagnostics are becoming more widely
applied in newborns, prenatal care [85], and as a part of clinical research efforts such as the
Undiagnosed Disease Program [86,87] or Deciphering Developmental Disorders [88]. The most
recent AMCG guidelines [89] recommend exome or genome sequencing as a first or second tier
option for patients displaying early neonatal (<I year) congenital abnormalities and for patients
exhibiting developmental delay or intellectual disability before the age of 18. In contrast to
frameshift and stop-gain mutations, when novel missense variations are identified, even in disease-
causing genes, predicting the likely effect on human health is challenging. Relating genotype to
phenotype is further complicated by the fact that autosomal recessive diseases are a function of the
allele combination in the context of a diploid genome. We can experimentally assay allele
combinations in our diploid assay and successfully stratify clinical genotypes. Furthermore, we

were able to predict the effects of allele combinations using a computational model that utilizes
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combinations of haploid measurements. As a result, we were able to leverage 1,914 yeast
measurements to make predictions on 1.8 million potential human genotypes. Given ongoing
genome sequencing efforts like the All of US research program and the UK biobank [90], studies
that provide information both about individual alleles and the functional impact of allele pairs will

play an increasingly important role in realizing the promise of precision medicine.
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Chapter 3: Double barcoding combinatorial libraries of yeast diploids

with Bxb1 recombinase.

3.1 Background

Advancements in high-throughput technologies have facilitated the development of
functional assays that can measure the impact of thousands of variants on protein function
[14,15,17]. However, human disease can be influenced by whether a genetic variant is in a
monoallelic or biallelic state. A recent study [91] identified variants in known Mendelian disease
genes that had an effect in the homozygous and heterozygous states within the Finnish population
(FinnGen project [92]; >176,000 individuals). Thus, modeling the impact of variants in allele
combinations can inform our understanding of human disease genotype-phenotype relationships
in the context of a diploid genome. A major challenge in developing comprehensive approaches
for variant effect combinatorics is the scale necessary for experimentation. Thousands of single
amino acids substitutions exist for a given protein (N) and measuring all unique pairwise
combinations (N x N =N?/2) would increase the size of the screen by several orders of magnitude.
Accordingly, large-scale combinatorics require methods to: 1) generate large libraries in a practical
way; 2) distinguish combination identities; and 3) have a quantifiable readout that can be
multiplexed for high throughput.

Recently, methods for assaying combinatorial libraries have been developed for studying
protein-protein and genetic interactions using Saccharomyces cerevisiae as a model organism [93—
98]. These approaches apply a similar overall strategy that leverages yeast mating for library
construction and unique DNA barcodes to identify interacting pairs during sequencing. Haploid
yeast libraries (MATa and MATa) encoding a gene or protein of interest are barcoded and mated

in bulk to quickly generate all possible pairwise combinations as yeast diploids. Each barcode is
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then joined together (double barcode) on a single contiguous DNA strand via in vivo recombination
to maintain pairwise identity in pooled screening. Selection pressure is then applied to the diploid
strain libraries and scored based on the change of double barcode frequency during pooled
sequencing. Thus, these methods allow large combinatorial libraries to be constructed efficiently,
screened as pools, and are amendable to be tested on multiple conditions.

Regarding in vivo recombination, the Cre-lox recombinase system has typically been
employed to translocate DNA barcodes onto the same plasmid or chromosome in these yeast-based
screens [93-98]. Cre belongs to a family of tyrosine recombinases that rejoins strands of DNA
after forming single stranded breaks at lox recognition sites [99,100]. Reactions catalyzed by these
enzymes are reversible, resulting in the re-excision of recombined products [101]. The reaction
can be biased towards recombined product formation by using orthogonal lox variant sites (e.g
lox2272 and lox5171 [102]). Despite the use of lox variant sites in several approaches, low rates
of recombination (1-27%) are still reported in yeast combinatorial screens [93,94,97,98].
Therefore, recombination efficiency represents a bottleneck in library construction that can result
in missing interaction pairs and more non-uniform distributions in the starting pool. A recent study
[103] has shown that the distribution of fitness and frequency of strains in the initial pool of
genotypes can impact the accuracy in conventional fold enrichment analysis.

Recombination efficiency can potentially be improved by exploring alternative site-
specific recombinases that have different reaction mechanisms. In contrast to tyrosine
recombinases like Cre, serine recombinases catalyze unidirectional reactions that re-ligate strands
of DNA after forming double stranded breaks at att recognition sites [100,101,104]. These

reactions are only reversible in the presence of a recombination directionality factor. Bxb1 is one
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type of serine recombinase that has shown high rates of recombination in yeast, mammalian cells,
and in vitro [100,105,106].

Here we describe an inducible system that utilizes Bxb1-att to recombine barcodes between
homologous chromosomes in the genome of diploid yeast. We designed orthogonal donor and
recipient integrating cassettes that mark target recombination events with the reassembly of
sequence encoding functional green fluorescent protein split with an artificial intron containing
the double barcode. Our design allows for downstream library stratification by fluorescent-
activated cell sorting (FACS) and does not require the use of auxotrophic markers. We show that
complex barcode libraries can be efficiently inserted at barcode landing pad sites in plasmids
carrying the integrating cassettes by Gibson assembly [107]. We demonstrate that Bxbl-att
improved the estimated lower bounds of recombination efficiency by ~10 fold when compared to
a similar design that used Cre-lox [94]. Taken together, this preliminary work highlights the
potential utility of alternate recombinases for improving the high-fidelity construction of barcoded

combinatorial libraries in yeast diploids.

3.2 Methods

Construction of unbarcoded plasmids

The overall methodology to construct donor and recipient plasmids containing integration
cassettes is as follows: generation of DNA fragments with overlapping end homologies,
assembling them into a plasmid via Gibson assembly [107], and sequence confirming the
constructs with Sanger sequencing (Genewiz). Fragments were ordered as gBlocks (Integrated
DNA Technologies; IDT) or were PCR amplified with primers containing 3’ overhangs from
existing plasmids. All fragments were amplified using a 35-cycle high-fidelity PCR (Phusion
High-Fidelity DNA Polymerase; Thermo Scientific) and were either column purified (Zymo-Spin
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I; Zymo Research) or gel extracted (Zymoclean Gel DNA recovery; Zymo Research). Amplicons
derived from existing plasmids were also digested with Dpnl (New England Biolabs; NEB) under
the recommended conditions to remove any trace levels of template. Fragments were assembled
into plasmids using the NEBuilder HiFi DNA Assembly Kit and protocol (NEB) and transformed
into DHS5a chemical competent Escherichia coli cells (Thermo Scientific). Plasmids were
miniprepped (Qigen) from transformants and sequence confirmed by Sanger sequencing
(Genewiz).

The vector backbone containing the origin of replication and ampicillin resistance cassette
flanked by ~300 bp of upstream and downstream homology to the HO locus in S. cerevisiae was
PCR amplified from pAS34 [108]. Hygromycin (HygMX) and kanamycin (KanMX) resistance
cassettes were amplified from pFA6a-hphMX6 [109] and pRS41K [110], respectively. The Bxbl
expression cassette consists of the Bxbl ORF was amplified from pCMV (pCMV-Bx was a gift
from Michele Calos (Addgene plasmid #51552; http:/n2t.net/addgene:51552; RRID:
Addgene 51552), flanked by an upstream galactose inducible promoter tagged with a N-terminal
SV40 nuclear localization signal, and a downstream CYC1 terminator, that were both amplified
from pAG415 [111]. The GFP expression cassette, comprised of the GPD yeast promoter, ORF of
the yeast codon optimized version of enhanced GFP (YyEGFP) [112], and a short synthetic
terminator (Tsynth7) [113], were ordered as gBlocks (IDT). An artificial yeast intron (Al)
sequence [114] was inserted near the middle of the yeGFP ORF, under recommended spacing
(Sasha Levy; personal communication) and was split into two fragments (5’ and 3).

The 5° yEGFP-AI fragment and KanMX cassette were placed upstream of the recipient
barcode landing pad (Nhel restriction site) and Bxb1 attP recognition sequence [105]. All of these

fragments were assembled with the vector backbone to generate the pMX-Bxb1-Recipient plasmid
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(sequence available as AB724 in Dudley lab LIMS). The 3° yEGFP-AI fragment, HygMX cassette,
and Gal-Bxb1 expression cassette were placed downstream of the donor barcode landing pad (AflII
restriction site) and attB Bxb1 recognition sequence [105]. All of these fragments were assembled
with the vector backbone to generate the pMX-Bxb1-Donor plasmid (sequence available as AB724

in Dudley lab LIMS).

Generating barcoded plasmid libraries

Approximately 5 pg of pMX-Bxbl-Donor and pMX-Bxbl-Recipient plasmids were
digested with their respective barcode landing pad associated restriction enzymes, Aflll (NEB)
and Nhel (NEB), to linearize the vector. Linearized vectors were then treated with Antarctic
phosphatase (NEB) to reduce the re-ligation of sticky ends before barcode insertion. Fragments
were digested with Dpnl (NEB), and gel extracted (Zymo Research) to remove trace amounts of
residual template plasmid. Single stranded DNA oligonucleotide pools (100-mers) containing a
32 bp barcode containing 20 total random base positions (possible complexity = 4°° = 10'?), and
34 bp arms of barcode landing pad homology was ordered (IDT). Stretches of random bases were
limited to 2-5 base pairs to prevent the regeneration of undesired restriction sites. 100 ng of
linearized vector was assembled with 0.2 puM of the barcode 100-mer (~35x molar excess) using
NEBuilder HiFi DNA Assembly Kit in four 20 pL reactions. Assembly reactions were pooled, and
column purified (Zymo Research). 5 ng of assembled plasmids were transformed into TOP10
electro competent cells (Thermo Scientific) under their recommended protocol and using these
settings on a Gene Pulser Xcell (Bio-Rad): capacitance=25 pF, resistance=200 €2, and voltage=2.5
kV. Four transformation reactions were pooled into a total volume of 3 mL (cells + SOC medium)

and recovered for one hour at 37°C. An aliquot of 100 uL was serially diluted on LB medium
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containing ampicillin, to estimate transformation efficiency. The recovered cells (~3 mL) were
inoculated into 300 mL of LB medium containing ampicillin, grown for 4-5 doublings at 37°C,

and miniprepped (Qigen) to recover ~ 4 ug of barcoded recipient and donor plasmids.

Yeast strain construction

All S. cerevisiae strains used in this work were derived from the isogenic lab strains FY4
(MATa) and FY5 (MATa) [59]. Unless otherwise noted, strains were grown in rich medium (YPD,
1% yeast extract, 2% peptone, and 2% glucose), raffinose medium (YPRaff, 1% yeast extract, 2%
peptone, and 2% raffinose), or galactose medium (YPGal, 1% yeast extract, 2% peptone, and 2%
galactose), using standard media conditions and methods for yeast genetic manipulation [60].
Approximately 500 pg of HO integrating cassettes were excised from pMX-Bxb1-Recipient and
pMX-Bxbl-Donor plasmids using a Notl (NEB) restriction digest and transformed [115] into
haploid FY4 and FY5 yeast strains, respectively. Haploid MATa strains carrying the recipient
cassette were selected on YPD containing 400 pg/mL of G418 (Thermo Scientific). Haploid
MATa strains carrying the donor cassette were selected on YPD containing 500 pg/mL of
Hygromycin B (Thermo Scientific). Confirmation of cassette integration at HO was performed
using PCR. Diploid strains were constructed by mating the haploid strains and selecting isolates

on YPD containing both antibiotics.

Estimating recombination efficiency

To compare the performance of our system to other methods with similar design that utilize
Cre-lox, we estimated the recombination efficiency as described previously ([94,98]). This metric
is derived from a linear model fit to the number of numbers of recombined diploid recovered post

induction and chemical selection, as their system reconstituted an auxotrophic marker. As
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recombined versus unrecombined diploids in our Bxbl-att system are not under chemical
selection, we utilized a Cannon EOS 5 Mark II camera outfitted with a 520/28-nm band pass filter
488-nm laser to identify yEGFP fluorescent colonies. Three unrecombined diploid isolates
carrying both the donor and recipient cassettes were randomly picked. Each isolate was grown to
saturation in 5 mL YPD at 30°C. Cells were washed twice with 1 mL of YPRaff, and the pellets
were briefly examined with our camera to verify non-fluorescent status. ~1 x10® cells were
resuspended in 5 mL of YPGal to induce recombination and were grown for 24 hours at 30°C.
Cells were counted pre and post induction with a hemocytometer to estimate the increase in cells
during this period (~2.4 fold growth). Diploid cells were then plated on rich medium at densities
of (100, 200, 400 cells/plate) and grown for 48 hours at 30°C. Endpoint plate images were taken
with our GFP camera in the dark. Fluorescent colonies were counted from the images, divided by

the fold growth, and fit to linear model to estimate the frequency of recombination events (slope).

Flow cytometry

Diploid yeast strains carrying recipient and donor cassettes integrated at the barcode locus
(HO) were grown, in triplicate, to saturation in YPD medium 30°C. ~1.5 x10° of cells were back
diluted into 5 mL of YPRaff and grown to log phase (OD 0.4-0.6) before induction with galactose
(2% final concentration) or without galactose (negative control). A diploid yeast strain carrying a
single copy of the yeGFP-AI expression cassette at HO was included as a positive control. Cultures
were sampled every 24 hours for three days by flow cytometry to quantify the relative proportion
of fluorescent cell populations. For cultures growing longer than 24 hours, 1 mL (~1 x10® cells)
were passaged an additional time into 5 mL of YPGal. All flow cytometry experiments were

performed on a LE-SH800S Cell Sorter (Sony) using a 100 pm microfluidic sorting chip. Cells
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were washed twice with PBS and resuspended to a density of ~1x107 cells/mL. yEGFP
fluorescence was excited with a 488-nm laser and detected with a 525/50-nm band pass filter. FSC-
H and FSC-A gates for identifying singlets were applied for all events. yEGFP fluorescent
populations were gated based on the fluorescence intensities of the positive and negative controls.
Sub-sampling of fluorescent and non-fluorescent gated events in induced cell cultures were sorted
on the ultrapure setting of the instrument directly onto solid medium. The proportion of fluorescent
cell populations for at least 10,000 events for each sample was quantified using FloJo software

(version 10.5.2; BD biosciences).

3.3 Results

3.3.1 Design of the Bxb1 recombination scheme

We designed a Bxbl-based recombination system that would generate double barcodes at
a neutral locus in diploid yeast genome under selectable conditions. To accomplish this, we
incorporated three features in our design: 1) an inducible mechanism to control expression of BxB1
and minimize potential off-target effects; 2) a recombination scheme that identifies recombined
cells by fluorescence; and 3) places short DNA barcodes adjacent to one another. These features
were split into orthogonal donor and recipient cassettes that can be integrated into MATa and
MATua genomes, and only recombine in the diploid state after Bxb1 expression is induced.

The donor construct contains the Bxb1 attB site flanked by downstream components in the
following order: a barcode landing pad (Nhel restriction site), 3> yEGFP-AI fragment, HygMX
cassette, and a galactose inducible Bxb1 expression cassette. The recipient construct contains the
Bxbl attP site flanked by upstream components in the following order, a barcode landing pad

(AAIII restriction site), 3° yEGFP-AI fragment, and KanMX cassette. Both integrating constructs
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have ~300bp of upstream and downstream homology to the HO locus on each end. By placing the
attB and attP recognition sites in parallel orientation at the barcode locus, the resulting products
recombine to form attL and attR sites in a crossover like manner. Thus, the desired site-specific
recombination reconstitutes the functional yeGFP-AI expression cassette that contains the double

barcode within an artificial intron as single copy in the diploid yeast genome (Figure 3-1).

Barcode locus before recombination
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attP

Recipient —ET I —

Barcode locus after recombination

attL

attR
B ’
Borcodeeieacan NN LITTITIN 3° yeGEP 3 Gar-Babs

~ Artificial intron -~

Figure 3-1. Schematic of Bxb1-mediated site-specific barcode recombination.

To determine whether we could generate complex plasmid barcode libraries, we inserted
short DNA barcodes into pMX-Bxb1-Donor and pMX-Bxb1-Recipient plasmids. Plasmids were
linearized at their unique barcode landing pad site and Gibson assembled [107] with a pool of

single stranded barcoded DNA oligonucleotides (100 bp) (Figure 3-2.A). Each oligonucleotide is
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comprised of barcode with 20 random nucleotide positions and homology to the barcode landing
pad at each end. Stretches of random bases were limited to 2-5 base pairs to prevent the
regeneration of undesired restriction sites. We expect that the frequency of transformants carrying
the same barcode to be rare given the complexity of potential barcodes (~42° = ~10'2). Under this
assumption, the number of transformants represents the number of unique barcoded plasmids. We
estimated a transformation efficiency of ~2x10® CFU/pg for each plasmid. Sanger sequencing a
small subset (n=20) barcoded plasmids indicated a unique barcode in each transformant with no

errors introduced at overlapping assembly junctions (Figure 3-2.B).

Linearized non-barcoded Plasmid
Clone 2 ol
GT‘cl‘T"" AAGTCC .y TAG
Clone 9 \
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Donor Barcode Site T I A C B A ¢ A TN A T R
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. ACACCETOACTOACTALEOAA TTACTTCACT
3 —
b Clone 17
Tt AT e T T T T T o CACATCC AT CACEAACTACTAT
= NNNNNTGNNTGNNGANNGANNACNNACNNNNN == Recipient Barcode Site «Em L Ll

Single stranded barcode oligo

Figure 3-2. Strategy for barcoding plasmid libraries. A Recipient or donor plasmids are linearized
at their unique barcode landing pad restriction site and Gibson assembled with a barcode
oligonucleotide. B Sanger sequencing traces for plasmid barcodes isolated from 4 randomly
selected transformant clones.

3.3.2 Generation of recombined diploids

To test whether our design yielded yEGFP fluorescent (YEGFP+) cells that had the desired

recombination product, we induced expression of Bxb1 in diploid strains harboring the unbarcoded
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recipient and donor constructs at the HO locus. First, the recipient integrating construct was
transformed in haploid MATa (FY4) strains and selected on YPD+Kan. The donor integrating
construct was then transformed in haploid MATa (FYS5) strains and selected on YPD+Hyg.
Haploid strains were then mated and diploids were selected on medium containing both antibiotics.
Consistent with the expectation that splitting the yEGFP-AI across two chromosomes would yield
non-functional proteins, the resulting haploid and diploid strains were non-fluorescent (yEGFP-)
(Figure 3-3.A). A positive control diploid strain carrying a single copy of yeGFP-AI at HO
indicated that the artificial yeast intron could be successfully spliced, and functional yEGFP
translated (Figure 3-3.A).

Next, we induced diploids and non-selectively sampled cells after 24 hours of growth to
see if our method could generate the desired site-specific recombination. Our results show a large
proportion of cells became fluorescent (Figure 3-3.B) after galactose induction. We sought to
sequence the att sites in a small subset of yEGFP+ and yEGFP- diploids (n=20) to characterize the
recombination sites. Inspection of the att site in yEGFP+ diploids indicated that the attP
recognition site was correctly recombined to form the product attR site flanked by intact barcode
landing pads (Figure 3-3.C). yEGFP- diploids revealed that their attP and attB recognition sites
were also intact. These results suggest that Bxbl could successfully introduce and recombine
dsDNA breaks in high-fidelity. It is possible that unintended rearrangements can be caused by the
endogenous homologous DNA repair system in S. cerevisiae. Based on our initial survey, we

expect these events to occur at a relatively rare frequency.
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Figure 3-3. Bxbl site-specific recombination in yeast diploids. A Fluorescence of yeast cell pellets
in Eppendorf tubes. B Fluorescence of colonies sampled from induced cells and plated on YPD.
C Sanger sequencing trace for the recombined attR site in a yeGFP+ diploid post galactose
induction.

3.3.3 Estimating rates of recombination

To compare our results to a similar design that utilized Cre-lox and reconstitution of a split
auxotrophic marker (URA3-Al), we estimated rates of recombination as previously described [94].

Briefly, the lower bounds of recombination efficiency represent the slope of a linear model fit to
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the number of recombined diploids recovered from plating various cell densities, adjusted for fold
growth during induction. We estimate that the lower bounds of recombination efficiency for our
system to be ~21%, approximately 10-fold higher than previous approaches that used Cre-lox
[94,98].

One difference in our approach is that recombined diploids are identified by yEGFP-AI
fluorescence and are not under chemical selection. The fluorescence of each recombined cell is a
function of the total number of functional yEGFP-Als. In determining the lower bounds of
recombination efficiency, fluorescent colonies that grew from a single recombined diploid cell
(Figure 3-3.B) represent the accumulation of many copies of yYEGFP-AIs that can be distinguished
from the background autofluorescence of yeast cells. To be able to stratify induced diploids into
libraries of recombined diploids by FACS, we evaluated the fluorescence of single cells by flow
cytometry. We expect that the galactose promoter to be fully induced shortly after the addition of
galactose to strongly express Bxbl. However, the time scale and factors that compete or inhibit
Bxb1-mediated recombination between att sites in the context of homologous yeast chromosomes
is not understood. Thus, the rate at which recombined sites are formed impact when cells start
expressing functional yEGFP and if they can be selected in downstream FACS.

We characterized diploid populations at three timepoints of varying growth periods in the
presence of galactose to characterize the proportion of yeGFP+ cells. We observed a clear
difference in the fluorescence distributions between control strains (Figure 3-4) and used these
differences to set thresholds for populations in induced diploid cultures. Cells that had induction
growth periods longer than 24 hours displayed higher proportions of yeGFP+ populations (~60%).
Sampling YEGFP+ populations at all time points (96 events/plate) indicated that approximately all

cells were viable and fluorescent. However, sampling yEGFP- gated populations at the 24-hour
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time point showed that ~40% of sorted events (n=768) became fluorescent after 2 days of growth
on solid media containing glucose. This behavior was also observed in yYEGFP- gated populations
at the 48-hour timepoint but were overall less frequent (~9%; n=768). We expect that it is unlikely
that sampled cells are recombining after sorting onto plates with media conditions that repress
Bxbl1 expression. Suggesting that the threshold for gated yEGFP- populations may be too broad
currently, or that considerable lag in the rate of recombination exists in diploid populations of the

same initial genotype.
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Figure 3-4. Determining the proportion of fluorescent diploid populations by flow cytometry. A
Proportion of YEGFP fluorescent diploid yeast cells at several timepoints of varying growth
periods in induction conditions. Bar chart of the average number of fluorescent singlets over
10,000 events, over 3 replicates. Error bars represent the standard deviation. Grey bars represent
control strains that were grown for 24 hours. B Sample histogram of the distribution of yEGFP

intensities for one replicate shown.
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3.4 Discussion

Here we present preliminary work that demonstrates how our Bxb1-mediated design can
generate recombined diploid strains that can be identified by their fluorescence. Resulting double
barcodes are maintained as a single copy in the diploid yeast genome within an artificial yeast
intron, that can be amplified as a short DNA fragment (<300 bp) and be sequenced by existing
methods (e.g Illumina, Oxford Nanopore). We show that high rates of Bxbl-mediated
recombination are possible in our initial tests of recombining unbarcoded diploid cells carrying
recipient and donor constructs. The lower bounds of recombination efficiency of our design
(~21%) compared to a similar platform [94], which utilized Cre-lox and reconstitution of
auxotrophic marker, was ~ 10-fold higher. However, a direct comparison requires generating
additional constructs in our scheme that swap the recombinase ORF and recognitions sites to Cre-
lox. Measuring and sampling YEGFP+ and yEGFP- populations of the same initial genotype in our
design also suggest that recombined populations can reach ~60%. Compared to a previous design
that attempted to use homology directed repair (Appendix A), unidirectional site-specific
recombination had much higher rates of desired product formation. Rates of recombination may
be more accurately estimated by sequencing recombined double barcoded diploid strains to
determine the distribution of frequency, complexity, and effects of growth during library
construction.

Further improvements can be made to our design by implementing a yeast-codon optimized
version of Bxbl and the use of att recognition site variants. A recent study demonstrated that an
attB and attP variants (Bxb1-GA) had improved rates of site-specific integration in mammalian
cells [116]. Our strategy is also amendable to plasmids instead of chromosomal DNA, although

they are maintained in variable copy numbers per cell. Future design considerations may include
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moving the Gal-Bxb1 expression cassette from the integrating donor cassette to a plasmid that can
be cured post recombination to further reduce risk of undesired DNA damage. Alternative
strategies include utilizing an additional marker that can be counter selected (example in [93]) or
coupling an inducible promoter to disrupt plasmid segregation (example in [117]). Furthermore,
this design could be expanded to use split drug resistance markers for chemical selection instead
of fluorescence (example in [98]) to reduce time and costs associated with FACS.

In summary, we present an alternative method that displays high rates of recombination for
double barcoding yeast diploids. Improvements in recombination efficiency can potentially result
in more comprehensive construction of combinatorial libraries and less variation in the starting

frequency distribution.
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Chapter 4: Conclusions and outlook

The work presented in this dissertation outlines two high-throughput methods for
generating functional datasets that can be used to inform genotype-phenotype relationships in
biology and human health. As DNA sequencing becomes more cost-effective and widely applied,
the rate at which human genetic variants are discovered will continue to skyrocket. Modeling,
measuring, and understanding the impact of genetic variants remain a central challenge in
precision medicine. High-throughput functional assays are an important approach in overcoming
this challenge.

In Chapter 2, we demonstrate how large-scale functional assays in model systems can be
powerfully applied in the study of rare disease and to inform future diagnostic efforts. The strong
agreement between experimentally measured results from our assay and known features of the
protein structure together with (albeit limited) clinical data support its use as a well-validated assay
of human PSAT function. The corresponding dataset provides meaningful functional information
for a large proportion (88%) of all unique SNV-accessible missense substitutions across the length
of the protein. Furthermore, our computational model extends the use of the dataset to predict the
functional impact of ~1.8 million allele combinations corresponding to potential human genotypes.
As such, this approach leverages a relatively small amount of clinical data to classify large numbers
of variants making it especially powerful for rare diseases. In Chapter 3, we explore an alternative
site-specific recombinase to improve methods for barcoding combinatorial libraries in yeast
diploids, which could be used to experimentally measure the functional effect of pairwise allele
combinations at scale. In this chapter, I outline future areas of study and the broader context of this

work in the field of clinical genomics.

59



4.1.1 Future work in PSAT protein science and potential applications

Mutational scanning experiments can inform our current understanding of protein science
and outline areas of study that can be further explored. For enzymes like human PSAT,
aminotransferases, and PLP-dependent enzymes, the mechanistic role of the cofactor’s pyridoxal
ring group in catalysis has been extensively characterized [58,73,118]. Our yeast assay was able
to recapitulate this functional importance, with all pyridoxal ring interacting residues being
mutationally intolerant. In contrast, the role of PLP’s phosphate group in catalysis is overall less
understood for these enzymes and may act as an anchor point to the protein [74] or directly
interacts with substrates [73]. Our assay identified some substitutions that were tolerated at PLP
phosphate group binding residues, and points to the need for further crystallographic studies of
human PSAT in substrate bound states to determine if cofactor-substrate interactions exist.

Along these lines, a deeper understanding of the factors that govern substrate specificity
can further inform future areas of study such as the development of therapeutics or industrial strain
engineering. For example, a recent study demonstrated that introducing two missense mutations at
two substrate binding sites in E. coli phosphoserine aminotransferase could switch substrate
specificity to the non-canonical L-homoserine and drive production 1,3-propanediol [119].
Regarding therapeutics, targeting human PSAT is of particular interest as it is overexpressed and
or upregulated in many types of cancers such as breast, colorectal, and lung cancers [30,120,121].
Several preclinical tumor models have shown improved anti-cancer effects when the serine
biosynthesis pathway is disrupted genetically (e.g gene knockouts) [122]. However, few PSAT
specific inhibitors have been described or developed [123]. One example is aminooxyacetate,
although it functions as a general inhibitor of aminotransferases and PLP-dependent enzymes
[124]. Thus, large-scale functional data in combination with more detailed mechanisms of

substrate binding presents an opportunity to aid the development of classic small molecule
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inhibitors or even molecular glues (targeted protein degradation) [125] for future PSAT cancer
therapeutics.

The overall importance of the cofactor in PLP-dependent enzymes also extends beyond
catalysis and may impact protein folding and stability [126]. However, the mechanistic role of PLP
as a chaperone for most enzymes, including human PSAT, has not been explored in detail.
Interestingly, a study showed that serine synthesis is impaired in neuronal cells grown in vitamin
b6 (precursor of PLP) deficient conditions [127]. One advantage of our yeast assay is the control
of extracellular environment and conditions of low and high vitamin b6 can be experimentally
evaluated (like in [128]). Future studies may also include implementation of a reporter for
abundance in our assay, such as PSAT fusions to a fluorescent protein or enzyme reporter like
luciferase, to further characterize the effects of PLP on stability. While serine supplementation is
the recommended treatment for serine biosynthesis defects and has seen remarkable clinical effects
(examples in [33,37]), there may be a potential therapeutic benefit in combinatorial
supplementation with vitamin b6 as with other disorders of vitamin b6 metabolism and deficiencies

of PLP-dependent enzymes [126,129].

4.1.2 Potential of yeast-based functional assays for related enzymes

Our yeast-based complementation assay provides a strong example of how orthologs
encoding proteins with conserved enzymatic function can be studied in a heterologous system.
Suggesting the suitability of S. cerevisiae to detect loss of function variants in an active site
architecture that is shared within each sub-family of aminotransferases. Tens of highly related (by
multiple amino acid sequence alignment) yeast and human orthologs have been identified for other
aminotransferases [58], and may be good candidates for establishing future complementation

assays. For example, pathogenic variants in human TAT (encoding tyrosine aminotransferase)
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result in a deficiency to metabolize tyrosine and cause a set of rare IEMs termed tyrosinemia type
IT [130]. Its ortholog in S. cerevisiae (AROS) is also unable to grow on minimal medium
supplemented with tyrosine [131]. Thus, searching within the family of aminotransferases may be
a strong starting point for functionally probing other metabolic enzymes that potentially can have

their selectable phenotypes linked to variant growth in yeast.

Beyond aminotransferases, S. cerevisiae may also be a strong model organism to
functionally assay other PLP-dependent enzymes. In another large-scale study [128] that applied
a yeast-based complementation assay for human cystathionine beta-synthase (CBS), the results
from their screen also showed that positions in proximity to PLP were intolerant to variation. That
study [128] also identified over 40 human genes that encode PLP-dependent enzymes, which could

be utilized as another starting point for exploring future yeast complementation assays.

4.1.3 Future pooled screens of PSAT function in yeast

Our high-throughput approach in Chapter 2 leveraged synthesized DNA libraries, arrayed
strain libraries, nanopore sequencing, and automated image analysis to independently measure
growth for thousands of variants with multiple biological and technical replicates. Ongoing work
in the Dudley laboratory has also successfully applied this methodology to assay other genes (e.g
OTC, ASL, ASS1) associated with urea cycle disorders. After establishing a yeast complementation
assay, a single researcher can construct, sequence, and test a variant library in 4-7 weeks. Towards
comprehensively assaying the effect of pairwise variant combinations in yeast diploids, this
strategy is not time or cost effective and would likely require batched phenotyping.

Adaptation of this approach to pooled format would facilitate the ability to perform large-
scale screens of variant combinations in a single experiment. One strategy that to accomplish this

would be to barcode variant strains and determine the frequency of reads before and after selection
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to estimate relative fitness in a pooled competitive growth assay. In Chapter 3 I presented a
generalizable method that could be used to barcode existing haploid libraries and generate double
barcoded diploid strains in the resulting bulk cross.

One important consideration in developing pooled growth assays for metabolic enzymes
like PSAT, is determining if strains release the autotrophically required nutrient to other cells in
the population [132,133]. The potential introduction of cross-feeding between higher and lower
fitness strains could obscure variant effect estimations. To test for this phenomenon, a subset of
PSAT variant haploid strains covering a broad range of effect (as determined in Chapter 2) could
be barcoded and used to compare individual growth rates to their relative barcode frequency in the
pooled competitive growth assay at multiple timepoints. In the case that cross-feeding does exist,
future strain engineering may include introducing a conditional knockout of yeast genes encoding
transporters that uptake exogenous serine (Gnpl and Agpl) [134]. Furthermore, experiments that
vary the initial distribution of fitness can also inform statistical methods to model the impact of

mean population fitness in fold enrichment analysis.

4.1.4 Outlook for serine biosynthesis defects

Attempts to establish yeast complementation assays for the other two serine biosynthesis
pathway genes (PHGDH and PSPH) in a similar method to PSAT1 were not successfully on initial
attempts. Although there are promising steps for future assay engineering that may achieve this
goal (Appendix B). Humanizing an entire metabolic pathway in yeast has the potential to assay
polygenic combinations of single variants, as well to study flux and regulation in a genetically
tractable organism.

Unfortunately, like many other rare diseases, there is no dedicated repository for the

aggregation and comparison of genotypic, phenotypic, functional, or therapeutic data for serine
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biosynthesis defects. Often reports of novel variants rely on literature review and manual curation
(examples in [49-51]) to compare biomedical traits. Regarding case reports of individuals with
genetic characterization, there are 45 for PHGDH (reviewed in [135]), 31 for PSAT1 (reviewed in
[49], and recent reports in [50,51,82—84]), and several for PSPH [42,136,137]. This approach is
time consuming and case reports can be missed. For a rare disease that affects a small number of
people, each case report holds substantial value. Efforts from programs like the International Rare
Diseases Research Consortium (IRDiRC) will hopefully improve data sharing in the future.

The functional datasets generated in Chapter 2 can serve as a valuable resource in study
and diagnosis of PSATI-related serine biosynthesis defects (NLS2 and PSATD). A simple
thresholding approach based on haploid growth scores corresponding to available clinical
annotations allowed us to classify thousands of variants into deleterious, uncertain, and non-
deleterious categories. As more clinical interpretations are established, calculating formal
measures of classification for our assay, such as odds of pathogenicity [81,138], will also become
possible. Given that the therapeutic potential for these medically actionable disorders is highest
before patients become symptomatic, clinical sequencing coupled to informative variant
interpretation can be a powerful diagnostic tool.

As clinical sequencing continues to be more widely applied, there will be more
opportunities to diagnose all forms serine biosynthesis defects if knowledge of pathogenic variants
is available. Prenatal exome sequencing in two recent large-scale studies [85,139] demonstrated
the ability to increase diagnostic yield in fetuses with detected congenital abnormalities. For severe
cases of NLS, a lethal congenital anomaly disease, this approach may allow for diagnosis and
potentially treatment during pregnancy. The most recent AMCG guidelines [89] recommended

exome or genome sequencing as a first or second tier option for pediatric patients with neonatal
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congenital abnormalities, developmental delay, or intellectual disability. Milder forms of serine-
biosynthesis defects in infants and children have symptoms that fall into this recommendation and
become more likely to be sequenced. There are also three [50,136,140] cases of serine-biosynthesis
defects that were diagnosed in adulthood. Notably one patient was enrolled under the Undiagnosed
Disease Program [86,87], and the others in tertiary neurological care. Thus, future sequencing
efforts in prenatal, pediatric, and specialized care that are targeted towards phenotypes that overlap

with serine biosynthesis defects may greatly benefit this rare, but actionable set of [EMs.

4.1.5 Outlook for variant effect combinatorics

While variant interpretation is a bottleneck that can hamper the progress of clinical
genomics, diagnosis requires an understanding of the level of gene function conferred by the
combination of alleles in the patient’s genome. The aggregation of genotype and longitudinal
phenotype data in biobanks are allowing researchers to investigate the effect of allele combinations
at larger scales. Approaches like phenome wide association studies (PheWAS) and Phenotype Risk
Scores (PheRS) are identifying variants in Mendelian disease genes with presumed recessive
inheritance patterns that have significant heterozygous disease effects [91,141]. These studies
further support the idea that Mendelian and complex diseases may exist on a spectrum, and gaining

insight on this can benefit future clinical interpretations.

65



APPENDIX

Appendix A:
Double barcoding combinatorial libraries of yeast diploids via homology directed repair
Background

Eukaryotes repair potentially lethal genomic DNA damage through homologous
recombination (HR), or non-homologous end joining (NHEJ) [142,143]. This biology has been
exploited to enhance rates of recombination for integrating cassettes flanked with homology at
genomic sites with an induced double stranded DNA (dsDNA) break [144]. The robust nature of
endogenous DNA repair to translocate DNA flanked by enough homology, suggests a high-fidelity
platform for barcode fusion.

The double barcoding design via homology directed repair is as follows: integrating
recipient and donor cassettes at HO locus in S. cerevisiae, inducing a dSDNA break in the recipient,
and engineering tracts of homology adjacent to the break to direct template (donor) mediated repair
(Figure A1). The homing mega-endonuclease I-Onul was for chosen for break induction, due to
its high specificity, activity, and ability to be expressed transiently by galactose induction
[145,146]. In this experimental design, barcode fusion events are selectively marked by the
reconstitution of full length GFP that contains an artificial intron [147]. Homologous
recombination is restricted to gap-repair by inverting the recipient cassette’s orientation (relative
to donor), where repair by crossover or break induced replication (BIR) generate lethal dicentric
chromosomes. This orientation to selects against break induced replication, an error prone process

that can introduce genomic instability [148].
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Results and Discussion

Upon induction and growth for 17 hours at 30°C, only a minority of the population became
fluorescent (Figure Al). Sampling of the GFP negative population revealed that the majority
(>99%) had been produced by a gap-repair process that drove the loss of the entire recipient
cassette (Figure Al). In which homology outside the cassette on chromosome IV is reached
through long range re-sectioning, and the non-homologous tail (recipient cassette) is clipped to
allow for gap-repair DNA synthesis [149]. Thus, this method is limited by the competition from
existing extensive endogenous homology outside of the recipient cassette, which disfavors gap-
repair directed by the short amount of flanking homology (50 bp) engineered into the cassette. An
attempt to limit long-range re-sectioning through inhibition with caffeine (1uM-10mM), which
depletes two key long-range endonucleases (Dna2 and Sae2) [150], yielded no significant shifts in

GFP" populations.
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Figure A1l. Chromosomal barcode translocation via directed gap repair. A Diagram of the
recombination scheme at the barcode locus. B Proportions of yEGFP fluorescent cells for a single
sample after 17 hours of growth in YPGal. C Replica plating of ~100 cells, non-selectively
sampled from an induced culture, on rich medium (YPD) and rich medium containing G418 (Kan).
D Preposed mechanism for the large population of yEGFP- Kan® diploids. E Preposed mechanism
for the small population of yEGFP* Kan™ diploids.
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Appendix B:
Preliminary work towards establishing yeast complementation assays for PHGDH and PSPH
Background

Impairment of any of the three L-serine biosynthesis pathway enzymes, phosphoglycerate
dehydrogenase (PGDH; encoded by PHGDH), phosphoserine aminotransferase (PSAT; encoded
by PSATI), and phosphoserine phosphatase (PSP; encoded by PSPH), result in serine deficiency
disorders and can present with identical clinical phenotypes [29]. To extend characterization to the
entire pathway, we applied a similar strategy in our PSAT assay (Chapter 2 Methods) to test
whether the human coding sequences for PHGDH and PSPH could functionally replace their yeast
orthologs. In S. cerevisiae, two genes (SER3 and SER33) encode the ortholog for human PHGDH,
and a single gene (SER2) encodes the ortholog for human PSPH.
Methods

Deletion strains (ser340 ser33A0, ser240) were generated by replacing orthologous yeast
genes with a selectable drug marker at their native locus. Complementation strains were generated
by integrating a single copy of the yeast codon optimized version of the human coding sequence
(yPHGDH, yPSPH) at a neutral locus (HO) under the control of their respective orthologous yeast
promoter and terminator. In the case of yPHGDH, the SER33 promoter and terminator was chosen,
as strains harboring single deletions (ser340 or ser33A0) had growth approximately equal to wild
type on minimal media lacking serine. To test whether integration at a neutral locus affected wild
type function, control strains were constructed with yeast SER33 or SER2 under the control of their
endogenous promoter and terminator integrated at HO. The wild type FY4 strain and previously

constructed (Chapter 2 Methods) yPSATI and serlA0 strains were also included for comparison.

69



Strains were grown to saturation in YPD and pinned onto YPGlycerol to remove petites.
Strains were to then transferred to YPD, grown to saturation, and pinned onto four different
conditions: minimal medium containing either glucose (1% final concentration), glycerol
(120mM), ethanol (180 mM), or acetate (180 mM). Plates were imaged every 24 hours for 4 days
and raw phenotypic values were extracted using PyP18 software.
Results and discussion

All deletion strains (ser340 ser33A0, ser240) were unable to grow on minimal medium
lacking serine, however the same was observed for yPHGDH and yPSPH complementation strains
(Figure A2). Rescue strains indicated that integration at HO did not impair function relative to
wild type FY4. A recent study [151] demonstrated that human PGDH could only restore growth
in yeast strains with media utilizing non-fermentable carbon sources. Screening similar conditions
with glycerol, ethanol, and acetate as the carbon source as in [151], however, strains harboring
yPHGDH were still unable to grow (Figure A2). One difference in design is that the human
PGHDH coding sequence was under the control of a strong constitutive yeast promoter (GPD)
[151]. Therefore, expression levels higher than the promoter sequences for SER3 or SER33 may
be required for human PHGDH to restore function in yeast. Another consideration for why yPSPH
failed to complement, is the levels of calcium in the standard composition of minimal medium
may have inhibited human PSP function [152]. Thus, there are several assay engineering steps that
could be explored in the future to establish functional assays for the remaining genes in the human

serine biosynthesis pathway.
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Figure A2. Yeast complementation assays for human serine biosynthesis pathway genes on
different media conditions (listed above). Bar chart of the mean pixelsum (sum of the gray scale
pixel intensities within each strain patch) after four days of growth for three replicates. Error bars
represent the standard deviation.
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