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Mutations can have profound effects on protein function. For example, mutations can increase or
decrease enzymatic activity, influence aggregation propensity, or lead to novel protein functions.
Mastery of the rules governing how mutations affect protein function has the potential to
revolutionize bioengineering. Recently, advances in DNA sequencing technologies and
molecular biology techniques have afforded new methods, such as deep mutational scanning, to
measure the quantitative effects of mutations on protein function in high throughput. In this
dissertation, I first describe the state of the deep mutational scanning field. In the following
chapters, I employ large-scale mutagenesis data sets from deep mutational scanning experiments
to perform three investigations. In Chapter 2, I report how different amino acids affect the
severity of mutational effect. In Chapter 3, I show how machine-learning algorithms can be used
to model the evolutionary, structural and physicochemical properties of mutations from large-
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scale mutagenesis data. In Chapter 4, I describe initial work on a deep mutational scan of
amyloid B to reveal how mutations can affect the aggregation propensity of a protein. In Chapter
5, I discuss some outstanding questions that can be resolved with future analyses of large-scale

mutagenesis datasets.
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Chapter 1. INTRODUCTION

The ability of next-generation DNA sequencing to identify genetic variation in humans vastly
outpaces geneticists’ ability to interpret variation. For instance, a recent survey of genetic
variation in humans revealed that each individual harbors ~50 missense mutations, many of
which have unknown effects on health. To keep pace with the deluge of human variation,
experimental methods have evolved to characterize the effects of mutations en masse. Such
approaches offer high-resolution and quantitative information on the effects of mutations on
protein function. Consequently, these new mutational datasets offer a hitherto untapped training
source for models that predict the effects of mutations. To continue to improve our
understanding of mutations and their effects, new assays must be developed to measure under-

studied phenotypes, such as protein aggregation.

1.1  MUTAGENESIS

Making and studying mutants is a fundamental way to learn about proteins, revealing
functionally important positions, validating specific hypotheses about catalytic mechanism and
yielding insights into protein folding and stability. Site-directed mutagenesis is a widely used
molecular biology technique to introduce codon mutations in deoxyribonucleic acid (DNA)
sequence (1). In this Nobel Prize-winning technique, mutant DNA oligomers anneal to
complementary template DNA and act as primers for polymerases to perform elongation (2). The
resulting mutated DNA can be introduced into a model organism to identify phenotypic effects
of mutated DNA or protein. Advanced approaches applied site-directed mutagenesis to stretches

of DNA sequence to survey the effects of a mutation across a region of protein sequence. This
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technique is called single amino acid scanning mutagenesis and has largely featured alanine (3).
While site-directed and scanning mutagenesis have greatly improved understanding of molecular
mechanisms in biology and disease, their throughput vastly underserves the need of

contemporary geneticists.

1.2  DEEP MUTATIONAL SCANNING

Deep mutational scanning offers a high-throughput method for characterizing mutational effects
(4, 5). Deep mutational scanning couples a functional assay with next-generation DNA
sequencing to assess the effects of tens of thousands of mutations in a single experiment. While
deep mutational scans can be adapted to measure different features of protein function, all deep
mutational scans follow the same general workflow. First, a library of variants is created for a
genetic region of interest. Libraries can be randomly or methodically designed to contain single,
double and/or higher order amino acid mutations depending on the scientific questions that a
deep mutational scan is intended to address (See Section 1.1.1). Second, a functional assay is
used to increase the frequency of variants with a particular phenotype. Deep mutational scanning
functional assays can take various forms and are described more deeply in Section 1.1.2. Third,
next-generation sequencing is used to tabulate the changes in variant frequency before and after a

selection assay is applied to score the effect of mutation(s) on protein function.

1.2.1 Creating variant libraries

Deep mutational scans require a library of variants. Variant libraries can be generated a number

of ways, each technique with unique pros and cons (Figure 1-1A). The original deep mutational



scan used doped-oligomers to randomly' mutagenize the WW domain of human Yap65 (6, 7).
Doped-oligo mutagenesis yields libraries with variable numbers of mutations per variant and it is

nearly impossible to attain all possible single amino acid mutations of a mutagenized region due

A) Generate variant |Ibrary to bias against multi-nucleotide variants.

Doped-oligo Site-saturation ~ Another method, called site-saturation

mutagenesis, most effectively generates

variant comprehensive single amino acid

variant libraries (8). This technique

requires a unique polymerase chain
B) Perform selection assay
Growth Fluorescence

C@ mutagenized region and thus can be very

@ @ @ @ time consuming.

reaction (PCR) for each position within a

Figure 1-1 Overview of deep

o| |/ \
mutational scanning workflow. (A)
First, a DNA variant library is made.
@D Previous studies have commonly used a

doped-oligo or site-saturation
mutagenesis protocols. (B) Next, a
functional assay is used to enrich
variants with a particular phenotype. (C)

C) Calculate scores Variant effect scores can be calculated
REGIGESIER . , using the slope qf aregression on Var'iant
. lequency ralios frequency over time or frequency ratios.
2 » R GlEhE ) Frequency ratios diVi.de the relative
s §24 “ y : frequency of a mutation before and after
ug). ’6 After selection  ¢election or in one group versus another.
4
& ,9’, Frequency (IR)
- jo4 Before selection

! Doped-oligo libraries are not random at the protein level. While the nucleotide mutations are distributed randomly
across DNA sequences, doubly and triply mutated codons are not well represented in these libraries.



1.2.2  Assays to select for protein function

Since the discovery of site-directed mutagenesis in 1978, functional assays have been routinely
used to investigate the effects of mutations on protein function (2). Functional assays can work at
the protein, subcellular, cellular or organismal level and be designed to measure a vast range of
phenotypes. Such assays can be used to quantitatively discriminate between mutations that
enhance, disrupt or maintain protein function and are immediately compatible with a deep

mutational scanning framework (Figure 1-1B).

Here, I discuss three published functional assays that range in scope from generalized to highly
specific. First, in a deep mutational scan of heat shock protein 90 (HSP90) in yeast, a very
simple, but effective assay was used (9). HSP90 is essential for yeast growth and strongly linked
to organism fitness. Thus, yeast with nonfunctional HSP90 will die and decrease in frequency
over time. Moreover, yeast growth can serve a proxy for the activity level of each variant.
Growth assays are commonly employed for essential genes (10-14). However, when a protein’s
function is not linked to growth, or when a specific protein function is the target of study, an
assay can be designed to artificially link a variant’s activity to cellular growth. Such an assay
was used to measure substrate (BARD1- RING domain) binding by the human BRCA1 RING
domain (15). In Starita et al.’s assay, a Gal4 transcription factor was fused to the BRCA1 domain
and the Gal4 activation domain was fused to BARD1. Moreover, upon BRCA1-BARD1 binding,
the transcription factor and activation domain drives expression of a selection marker, such that
yeast expressing BRCA1 variants that bind to BARD1 increase in abundance during the
selection, while nonfunctional variants decrease. Thus, even though BRCA1 binds >25

interaction partners (16), this assay selectively only measures the ability of this protein to solely



bind BARDI1. Additionally, assays need not be growth based. Activity can be quantitated via a
fluorescence-based assay. In an assay designed to study the effects of mutations on GFP
fluorescence (17), fluorescence—activated cell sorting is used to bin variants with similar
fluorescence intensities. In other assays, where a naturally fluorescing protein is not the subject if
study, fluorescence can be linked to variant activity, such that high activity variants yield high

fluorescence, and low words, activity variants yield low fluorescence (e.g. (18, 19).

1.2.3 Next-generation sequencing and quantifying the effects of mutations on protein function

High-throughput DNA sequencing is a cornerstone of deep mutational scanning (5, 20, 21). One
type of commonly used sequencing is the Illumina platform (22, 23), which offers short-reads
with relatively low error and cost. To prepare a variant library for Illumina sequencing, a region
containing the sequence of interest is PCR amplified to form amplicons with small DNA
adapters on the 3’ and 5” ends. To sequence, a DNA sample is washed over a flow cell, which
contains short DNA oligos. These DNA oligos anneal to homologous regions within the adapter
region. Through a process called ‘bridge amplification’, the DNA is amplified to form

‘polonies’, otherwise known as clusters on the flow cell. Next, the sequencing process begins by
washing the flow cell with reversible, fluorescence-labeled terminators, primers and DNA
polymerase. To determine the first base, a camera captures the emitted fluorescence of a polony
after excitation and calls the nucleotide associated with the associated wavelength. The camera
can capture the emissions of tens to hundreds of millions polonies at once. Next, the terminator is
cleaved, the next terminator is added and the imaging repeats until a programmed stopping point
is reached. Upon completion, the image data is used to spell out the order of nucleotide bases in a

DNA sequence.



Like all tools, Illumina sequencers have limitations. For instance, the Illumina NextSeq 550 can
read a maximum of 300 base pairs per read with 1 erroneous base per 1,000 bases (23-25). Thus,
sequencing through an average human gene, which contains ~900 nucleotides becomes
impossible (26). Barcoding is a proven method that overcomes this limitation (27). In barcoding,
a short randomized DNA sequence (usually < 20 bases) is cloned up- or down-stream of the
mutagenized region. With barcodes, deep mutational scanning can be carried out as explained
above, however in order to track variant frequencies before and after the selection assay is
applied, barcodes are sequenced rather than variants. To create a map of barcode-variant pairs, a
sequencing platform with longer read potential, such as an [llumina MiSeq (24) or PacBio (28)
sequencer is used to read through the mutagenized region and it’s cognate barcode. Thus,
barcoding and subassembly can be used to overcome read length limitations of short-read

sequencing platforms.

Several methods for scoring variant functions from variant frequencies exist. If variant frequency
is only available at two timepoints, variants can be scored using a ratio of frequencies after and
before selection (Figure 1-1C). When more than two timepoints exist, variants can be scored by
regressing on mutant frequency versus time and calculating the slope. Computational tools, such
as Enrich2 (29), calculate ratio and regression scores and offer a platform for standardized data

analysis of deep mutational scanning sequencing data.



1.3 VARIANT EFFECT PREDICTION

Experiments can reveal a variant’s molecular effect, and recent advances in multiplex assays
have enabled the assessment of large numbers of variants (4, 30). However, we are far from
having a comprehensive atlas of missense variant effects in the human proteome, and such an
atlas is a distant goal for model organisms. To address this challenge, computational and
evolutionary biologists have designed variant effect predictors to help interpret the effects of
mutations. Early predictors were created to combat the inundating volume of uncharacterized
genetic variants gathered by genome sequencing initiatives (31-33). Because diagnosing variant
pathogenicity was a high priority, predictors were designed to categorize a mutation either as

pathogenic/deleterious or benign.

While some predictors are simple statistical models (32, 34, 35), others are products of
sophisticated supervised machine learning algorithms. Machine learning is the use of an
algorithm to model relationships between a response variable and descriptive features. Response
variables can either be discrete or continuous and are modeled by classification and regression
models, respectively. For instance, the response variables used to train the vast majority of
mutational predictors were discrete: disease- and nondisease-associated mutations (36-50).
Descriptive features vary widely between predictors, but generally describe structural,
evolutionary and/or physicochemical properties of amino acid positions. How the response
variable and descriptive features are modeled is dependent upon the particular machine-learning
algorithm used. For example, gradient boosting algorithms aim to train an ensemble of weighted

decision trees. Each tree’s training data is either randomly sampled or enriched for difficult-to-



predict data depending on whether stochastic gradient boosting (51) or the Adaboost (52)

algorithm is used.

The response variable and descriptive features used to train models, yield models suited for a
particular prediction task. For instance, the PolyPhen2 HumDiv model is a support vector
machine trained on thousands of human Mendelian disease-associated and neutral variants, and
is therefore optimized to predict the clinical variant effects (53). SNAP2, an ensemble of neural
network models, is trained on human pathogenic and neutral variants as well as variants that
impact molecular function (42). Given the breadth of training data, SNAP2 predictions
encompass both the clinical and molecular effects of missense variants. Conversely, SIFT and
Evolutionary Action are not products of machine learning, but instead rely on evolutionary
patterns to predict variant effects. Despite their simplicity, SIFT and Evolutionary Action
perform similarly to PolyPhen2 and SNAP2 (38) , which highlights the importance of
evolutionary information to successful variant effect prediction. A recently described
unsupervised method, EVmutation, leverages evolutionary signatures of epistasis to predict
variant effects, and has demonstrated enhanced accuracy over SIFT and PolyPhen2 for both
molecular and clinical effect prediction (49). These tools are all used to prioritize variants in
clinical and laboratory settings. However, many tools have severe predictive limitations. For
example, many predictors show poor prediction accuracy for neutral mutations, particularly at
evolutionarily conserved protein positions (54), which stems from biased training data, as noted

by Liu and Kumar (55).



1.4  ASSAYS TO MEASURE PROTEIN AGGREGATION

Variant effect prediction can be used to gain insight into the general effects of mutations,
however, when we want to understand specific phenomenon we need to empirically measure the
effects of mutations. One such feature of proteins that is not well understood is protein

aggregation.

Amyloid is a fibrous cross-f structure formed from protein aggregates (56-59) . Although
functional amyloid has been reported [4], pathological forms are involved in neurodegenerative
diseases such as Alzheimer’s disease (AD) (60, 61). AD is the most common form of dementia
and is estimated to afflict over 6 million Americans, the vast majority of which are over 65 years
of age (62, 63). Several causative genes are known for AD, however, only 1-10% of AD cases
are due to dominantly inherited forms (62). Currently, no available treatment options exist,
despite large-scale pharmaceutical endeavors to halt disease progression and/or repair diseased
brains (64). This fact is particularly troubling considering that the number of Alzheimer’s

patients is projected to nearly triple by 2050.

The amyloid-forming peptide in AD is amyloid B (AB) (65, 66). This peptide is post-
translationally cleaved from amyloid B precursor protein, which is a transmembrane glycoprotein
commonly expressed in nearly all human cell types (67-69). This precursor protein is first
cleaved by B-secretase to reveal the N-terminus of AP and then a y-secretase complex releases
the C-terminal end of AP (68, 70, 71). y-secretase cuts the precursor protein at variable positions
to produce peptides that range from 38 to 43 amino acids in length; the most aggregation-prone

form of AP contains 42 amino acids (AP42), though A4 is 10-fold more common than A4, (65,
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72, 73). B-secretase and y-secretase cleavage occurs as APP traverses the secretory pathway at
subcellular membrane locations (i.e. endoplasmic reticulum, golgi, endosomes (70)) and thus A
can begin aggregating intraneuronally, though AD amyloid plaques are routinely found in the

extracellular milieu (66, 74-77).

The aggregation of AP begins with a shift in equilibrium from soluble monomers to oligomeric
peptides/proteins and these oligomers may serve as nucleation seeds for amylogenic fibrils. In
AD, fibrils accumulate in the extracellular space to form amyloid plaques, which is a defining
feature of the disease. Evidence from in vitro (78), cell culture (79), animal [40, 43-45] and
postmortem brain (78, 80) studies support the hypothesis that oligomeric forms of A are more
neurotoxic than fibrils and plaques. Due to the role of AP aggregates in disease pathology, many

studies have sought to characterize oligomeric and fibril structures.

Models of AP structure propose two B-strands that form parallel, in-register B-sheets (81). Due to
the noncrystalline nature of amyloid fibrils, traditional techniques such as X-ray crystallography
and solution-state NMR cannot be used. Instead, structural models are developed by amassing
constraints, which has historically included: parallel, in register -sheets from solid-state nuclear
magnetic resonance, hydrogen-bonding constrains from hydrogen/deuterium exchange nuclear
magnetic resonance and side-chain packing data from pairwise mutagenesis experiments (82).
Many models are also underpowered because they are almost exclusively generated from in
vitro-derived constraints for model building (83), which may not be representative of in vivo

conditions.
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Several years ago, Saccharomyces cerevisiae was successfully developed as a model organism
for AD(84-86). Studies in this organism have informed follow-up studies on protein localization,
interaction partners, nucleation process, and risk factors for disease. Recently, Morell et al. (86)
developed a yeast-based system to extricate toxicity from aggregation and thus offers a way to
investigate the effects of protein sequence on aggregation propensity alone. In this system, A is
cytoplasmically localized to eliminate its aggregation-associated toxicity (86). To link AP
aggregation to yeast growth, AP is fused to an essential protein, dihydrofolate reductase (DHFR)
via a short peptide linker. The endogenously expressed concentration of DHF1 (yeast DHFR), is
competitively inhibited by methotrexate. Furthermore, DHFR’s activity is dependent upon A
solubility, and thus yeast with soluble AP variants rapidly grow in culture, whereas aggregating
AP variants yield slow yeast growth. As described in chaper 4, I leveraged this assay’s ability to
measure aggregation without potential confounding toxicity phenotypes. This assay is applied
within a deep mutational scanning framework to study all single and some double amino acid

mutations of AP.
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Chapter 2. ANALYSIS OF LARGE-SCALE MUTAGENESIS DATA TO ASSESS THE
IMPACT OF SINGLE AMINO ACID SUBSTITUTIONS

2.1  INTRODUCTION

Making and studying mutants is a fundamental way to learn about proteins, revealing
functionally important positions, validating specific hypotheses about catalytic mechanism and
yielding insights into protein folding and stability. Single amino acid scanning mutagenesis, in
which every position in a protein is sequentially mutated to one particular amino acid, was a key
advance. By searching sequence space systematically, scanning mutagenesis enabled the
unbiased identification of positions and amino acid side chains important for protein function.
The first application of scanning mutagenesis used alanine substitutions to identify positions in
human growth hormone important for receptor binding(3). Alanine was chosen because it
represents a deletion of the side chain at the B-carbon. In addition to alanine, many other amino
acids including arginine (87), cysteine (88), glycine (89), methionine (90), phenylalanine (91),
proline (92) and tryptophan (93) have been used for scanning mutagenesis, often with a specific
hypothesis in mind (e.g. that bulky amino acids are important). Nevertheless, some suggest that
alanine substitutions are especially useful for identifying functionally important positions or that

they best represent the effects of other substitutions (94, 95).

Which amino acid best represents the effect of other substitutions? Which substitutions are ideal
for finding functionally important positions, such as those that participate in binding interfaces?
Answering these questions is important because single amino acid scanning mutagenesis
continues to be used to understand and engineer proteins. Despite the large investment in

scanning mutagenesis, little work has been done to systematically compare the effects of
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different substitutions. Some scanning mutagenesis studies compare two different types of scans
(e.g. alanine and cysteine), but generally find that the information revealed by each substitution
is distinct (91, 96). Computational predictions for all substitutions at 1,073 positions across 48
proteins in the Alanine Scanning Energetics Database suggested that alanine substitutions
correlated best with the mean effect of every mutation at each position (97). However, concrete
answers to these questions require comparing the empirical effects of different substitutions in
many proteins. Thus, I analyzed large-scale experimental mutagenesis data sets comprising

34,373 mutations in fourteen proteins. I found that proline is the most disruptive substitution

and methionine is the most tolerated. Global and position-centric analyses revealed that histidine
and asparagine substitutions best represent the effects of other substitutions. I evaluated the
utility of each amino acid substitution for determining whether a position is in a ligand-binding
interface, and found that highly disruptive substitutions like aspartic acid, glutamic acid,
asparagine and glutamine performed best. Thus, these results suggest that histidine and
asparagine are the most representative substitutions, while aspartic acid and glutamic acid are the

best choices for finding ligand-binding interfaces.

2.2  RESULTS
2.2.1 Data collection and curation

I curated sixteen large-scale mutagenesis data sets from published deep mutational scans of
fourteen proteins (Fig. 2.1A, Table 1). Here, I included two distinct data sets for the BRCA1
RING domain and for UBI4 because mutations in these proteins have been independently
assayed for different protein functions (e.g. BRCA1 BARD1 binding and E3 ligase activity).

This collection of data sets is ideal for an unbiased analysis of the general effects of mutations
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because the mutagenized proteins are highly diverse, encompassing enzymes, structural proteins
and chaperones from organisms ranging from bacteria to humans. The frequency of amino acids
in the wild type sequences of the fourteen proteins was similar to amino acid frequencies in all

known proteins(26) (Fig. 2.1B). For example, leucine (frequency = 11%) and alanine (8%) were
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Figure 2-1. Large-scale mutagenesis data from fourteen proteins. (A) The number of single
amino acid mutations with effect scores in each of the fourteen proteins is shown. (B) A radar plot
shows the relative frequency of occurrence of each amino acid in the wild type sequences of the
fourteen proteins (blue) or in 554,515 proteins in the UniProt Knowledgebase (26) (dashed red). (C)
A radar plot shows the relative frequency of each of the twenty amino acid substitutions in the large-
scale mutagenesis data sets for all fourteen proteins. (D) The median mutational effect score of each
amino acid substitution is shown for 34,373 mutations at 2,236 positions in all fourteen proteins. (E)
A heat map shows the median mutational effect score of each amino acid substitution for each
protein separately. Yellow indicates tolerated substitutions while orange indicates disruptive
substitutions. Amino acids and proteins were ordered according to similarity using hierarchical
clustering with the hclust function from the heatmap2 package in R.
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the most frequently occurring wild type amino acids in the fourteen proteins, while tryptophan
(<1%) was the rarest. However, the unbiased and massively parallel nature of deep mutational
scanning experiments yielded a relatively uniform distribution of amino acid substitutions (Fig.
2.1C). Furthermore, the data sets were generated by different labs at different times using
different types of assays, reducing the chances of bias arising from specific experimental or
analytical practices. Importantly, the assay formats used for the deep mutational scans included
many commonly employed in alanine scanning like phage display and yeast two-hybrid.
Collectively, these large-scale mutagenesis data sets comprised 34,373 nonsynonymous
mutations at 2,236 positions in the fourteen proteins. The data sets contained effect scores for
most mutations at each position. To facilitate comparisons between each data set, I rescaled
mutational effect scores for each protein, using synonymous mutations to define wild type-like
activity and the bottom 1% of mutations to define lack of activity (Appendix A 1A; see
Methods). Thus, each mutational effect score reflects the impact of the mutation, relative to wild

type, with a score of zero meaning no activity and a score of one meaning wild type-like activity.

2.2.2 General patterns of mutational effect

To validate the large-scale mutagenesis data, [ examined expected patterns of mutational effect.
For example, mutations to proline should generally disrupt protein function, as proline restricts
the conformation of the polypeptide backbone and eliminates the amide hydrogen necessary for
hydrogen bonding. Indeed, proline substitutions were overwhelmingly more disruptive than other
substitutions to protein function (Fig. 2.1D; Appendix A 1B). In fact, proline was the most
disruptive substitution in eleven of fourteen proteins and second most disruptive in the remaining

three proteins (Fig. 2.1E). Additionally, as expected from the Dayhoff (98), Blosum (99) and
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Grantham (100) substitution matrices, tryptophan tended to be deleterious. Methionine was the
best-tolerated substitution and therefore may be useful for identifying the most immutable
protein positions. Interestingly, mutations to alanine, which is commonly employed in scanning
mutagenesis, were better tolerated than many other substitutions. Other substitutions were also
well-tolerated, with seven different amino acids appearing as the most tolerated across the
fourteen proteins (Fig. 2.1D, E). Tolerance to substitutions depends on structural context, so the
variability in the best-tolerated substitution might be due to diversity in the structural
composition of each protein in our data set. Thus, the large-scale mutagenesis data sets I
collected generally recapitulated my expectations about the effects of mutations, despite coming

from fourteen distinct proteins that were each assayed independently.

223 Identifying representative amino acids from large-scale mutagenesis data sets

Next, I determined which amino acid substitution best represented the effects of all other
substitutions. To avoid bias arising from missing data, I restricted this analysis to the 882
positions in the fourteen proteins with measured effects for all nineteen possible substitutions. I
calculated the median mutational effect at each of these 882 positions. Overall, the median
effects across these positions were mildly disrupting, with a mean of 0.82 (stop ~ 0, wild-type ~
1). I found that the effects of phenylalanine, glycine, histidine, isoleucine, leucine, asparagine,
glutamine and tyrosine substitutions were all indistinguishable from the median effects (Fig.
2.2A, Appendix A Table 1). However, proline, aspartic acid and tryptophan substitutions were
much more disrupting than the median substitution. Alanine, cysteine, methionine, serine,
threonine and valine were considerably less disrupting than the median substitution. These well-

tolerated amino acid substitutions might be useful for detecting the most mutationally sensitive
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positions in a protein. However, these substitutions are not especially representative of the

effects of other substitutions.

I also examined the dispersion of each amino acid’s mutational effect about the median at all 882
positions, reasoning that representative substitutions would have minimal dispersion. Of
substitutions whose effects were indistinguishable from the median effect, histidine and
asparagine have the smallest dispersion (standard deviation = 0.15 and 0.14, respectively; Fig.
2.2B), while tyrosine (0.18), glutamine (0.16), phenylalanine (0.19), glycine (0.17), leucine
(0.17) and isoleucine (0.19) all had larger dispersions. Thus, of all possible substitutions,
histidine and asparagine tended to have effects closest to the median effect at the 882 positions I

examined.
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Figure 2.2. Histidine and asparagine substitutions best represent the effect of other
substitutions. (A) For each of the 882 positions where the mutational effects of all nineteen
substitutions were measured, the difference from the median effect was calculated for each
substitution at each position. The median of these differences across all positions for each
substitution is shown, with the red line indicating a median difference of zero. A paired, two-
sided Wilcoxon rank sum test was used to determine whether each substitution’s difference
from the median effect across all positions was equal to zero (* indicates substitutions with a
Bonferroni-corrected p-value > 0.01; Table S1). (B) The standard deviation of each
substitution’s differences from the median effect at the 882 positions where the mutational
effects of all nineteen substitutions were measured is shown. (C) For each substitution,
Pearson correlation coefficients were calculated for the mutational effects of that substitution
with every other substitution at each position. The distribution of correlation coefficients for
each substitution is shown. (D) These pairwise mutational effect score correlations are also
illustrated using a force directed graph. Each node represents an amino acid and each edge
force value is the Pearson correlation coefficient for the mutational effect scores of the two
amino acid substitutions connected by the edge. To reduce the density of edges, only the top
40% of Pearson correlation coefficients were included. This cutoff removed proline from the
graph. Amino acids are colored by physicochemical type. The graph was constructed using
the networkD3 package in R.
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2.2.4  Influence of original amino acid on mutational effect
Next, I examined whether the identity of the original amino acid affected the representativeness
of different substitutions. To answer this question, I used 882 positions in with measured effects
for all nineteen possible substitutions to calculate the median effect for the original amino acids,
individually. Differences in the prevalence of different amino acids in the wild type protein
sequences resulted in some amino acids having fewer associated mutations than others (e.g.
leucine (N = 1,786), tryptophan (N = 114, Fig. 2.1B). I found that tryptophan positions were the
most sensitive mutations (Trp median effect = 0.48), while glutamine positions were the least
sensitive (Gln median effect = 0.99). Additionally, I observe very similar results when all
positions are included in the analysis (Trp median = 0.48, GIn median = 0.99). Next, to reveal
mutant amino acids that best capture the effects irrespective of original amino acid identify, I
computed the difference between the median of all mutational effects observed at each original
amino acid and the median mutational effects for each mutant amino acid type given the original
amino acid identity (Appendix A 2A). Hierarchical clustering of these differences revealed two
major classes of original amino acids. The first class included large hydrophobic amino acids,
which are more sensitive to substitutions, while the second class included charged and polar
amino acids, which are less sensitive to substitutions. Nonetheless, I found that histidine and
asparagine, among other substitutions, best represent the median mutational effect for most
original amino acids (Appendix A 2B). However, | observed that histidine and asparagine are
more representative of other mutations at certain original amino acid positions. For example,
histidine is least representative when the original amino acids are large, hydrophobic amino

acids, tryptophan and tyrosine, or sulfur-containing amino acids, methionine and cysteine, while
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asparagine mutations are least representative when the original amino acid is histidine or

methionine.

2.2.5 Correlation between mutational effect scores from different amino acids

Because of the comprehensive nature of the large-scale mutagenesis data sets, I could ask how
well the mutational effect scores of each substitution correlated with the scores of every other
substitution at each position. Thus, I calculated Pearson correlation coefficients for the
mutational effect scores of each substitution pair across all positions (Fig. 2.2C, Appendix A3).
The effects of histidine and asparagine substitutions correlated best with the effects of all other
substitutions, while the effect of proline substitutions correlated worst. To visualize the
relationships between each pair of substitutions, I constructed a force-directed graph (Fig. 2.2D).
As expected, substitutions cluster by physicochemical type in the graph, meaning that similar
substitutions have similar effects. Proline is not represented because its effects are poorly
correlated with other substitutions. Histidine and asparagine are connected to many other amino
acids, owing to the high correlation of the effects of these substitutions with many other

substitutions.

2.2.6  Influence of secondary structure on patterns of mutational effects

I next asked whether the secondary structural context of a position altered the effect of each
substitution. I excluded DBR1 and GB1 from this analysis because they did not have structures
of sufficiently close homologs. I used DSSP to identify 1,007 positions in the remaining proteins
that were in an a-helix, a B-sheet or a turn (101). Overall, substitutions in turns are less

disrupting than substitutions in a-helices or B-sheets (Fig. 2.3A).
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However, the relative effects of each substitution in the three structural contexts were mostly

consistent, especially between a-helices and B-sheets (Fig. 2.3B, Appendix A 4A). Surprisingly,

the tolerance for each amino acid substitution in the different secondary structural contexts was

not strongly correlated with the frequency of that amino acid’s occurrence in known structures

(102). For example, alanine occurs more frequently in a-helices, relative to B-sheets. However,

in these large-scale mutagenesis data sets, alanine substitutions were mildly disrupting in both

structural contexts. These observations suggest that secondary structure does not dominate

mutational tolerance, at least for the proteins I examined.
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Figure 2.3. Secondary structural context of mutational effects. (A) Density plots describing
the distribution of mutational effect scores for each substitution are shown for three different
structural contexts as determined using DSSP: a-helices (left panel, N = 8,669), -sheets
(middle panel, N = 4,796), and turns (right panel, N = 3,329). (B) The mutational effect score
distributions for each substitution ina-helices (left panel), B-sheets (middle panel), and turns
(right panel) are shown. The vertical line in each panel represents the median effect score for all
substitutions in that secondary structure type.
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I next investigated which substitutions were the most representative regardless of structural
context. I found that histidine substitutions have close to the median effect in a-helices and turns,
but were more disrupting than the median effect in B-sheets (Fig. 2.3B). Asparagine and
glutamine substitutions had near median effects in all three contexts. As above, I examined how
well the effects of each substitution correlated with every other substitution at each position in
each context. | found that the effects of histidine, asparagine and glutamine substitutions
correlated best with the effects of other substitutions (Appendix A 4B, C). Thus, the effects of
histidine, asparagine and glutamine are relatively consistent in the different structural contexts I

examined, highlighting the representativeness of these substitutions.

2.2.7  Predictive performance of amino acids to identify protein-ligand interfaces

An important use of single amino acid scanning is to identify positions in protein-ligand

interfaces. In order to determine whether alanine is ideal for that purpose, I analyzed the effects
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Figure 2.4 Asparagine, glutamine, aspartic acid and glutamic acid are best for identifying
positions in protein-ligand interfaces. (A) The distribution of mutational effect scores for
every substitution in four proteins with ligand-bound structures (hYAP65 WW domain, PSD95
pdz3 domain, BRCA1 RING domain (BARD1 binding) and Gal4) is shown at ligand interface
positions as reported in the literature, and for non-interface buried positions or non-interface
surface positions. (B) A mutational effect threshold was defined such that positions with a
mutational effect below the threshold were classified as “interface,” whereas positions with a
mutational effect above the threshold were classified as “non-interface.” ROC curves for each
amino acid were generated by varying this threshold. The area under each ROC curve is shown,
illustrating the power of each substitution to discriminate between interface and non-interface
positions.
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of substitutions in four proteins with ligand-bound structures: the hYAP65 WW domain, the
PSD95 pdz3 domain, the BRCA1 RING domain and GAL4. Amongst these four proteins there
were 4,884 mutations at 282 positions. I used relative solvent exposure to classify each position
as either buried or on the surface. I also determined interface positions based on published
structures and functional studies (see Methods). I found that substitutions at interface positions
are substantially more disrupting than substitutions at buried, non-interface or surface, non-
interface positions (Fig. 2.4A). This result is expected, given that all four deep mutational scans
were conducted using selections that depended on ligand binding. Alanine, along with
phenylalanine, isoleucine and methionine, are the least disruptive amino acid substitutions at
interface positions, suggesting that they may not be ideal for interface detection.

I reasoned that the ideal substitution for detecting protein-ligand interfaces would exhibit a large
difference in mutational effect between interface and non-interface positions. To formalize this
idea, I used a mutational effect threshold. If a substitution at a particular position had a
mutational effect below the threshold, I classified that position as “interface.” Conversely, if the
mutational effect was above the threshold that position was classified as “non-interface.” For
each substitution, I varied the mutational effect threshold from the maximum mutational effect
score to the minimum effect in 200 steps. At each step, I compared the true interface positions to
those determined using the mutational effect threshold procedure. I then constructed receiver
operating characteristic (ROC) curves. The area under each ROC curve revealed the ability of
that substitution to discriminate between true interface and non-interface positions. I found that
isoleucine, lysine and alanine had among the worst discriminatory power (Fig. 2.4B, Appendix
A 5). Substitutions that were highly disruptive at interfaces, like asparagine, glutamine, aspartic

acid and glutamic acid, had the best discriminatory power. Next, I calculated the fraction of true
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interface positions detected by each amino acid substitution at a 5% false positive rate. Here, |
found that asparagine and glutamine substitutions revealed over 60% of the true interface
positions; aspartic acid and glutamic acid substitutions also performed well (Appendix A 6).
However, alanine substitutions detected fewer than 20% of the true interface positions at a 5%
false positive rate. Thus, asparagine, glutamine, aspartic acid or glutamic acid substitutions are

all good choices for detecting protein-ligand interfaces.

2.3 METHODS
2.3.1 Data curation and scaling

I curated a subset of the published deep mutational scanning data sets. I excluded deep
mutational scans of non-natural proteins, because the mutational properties of natural and non-
natural proteins could differ. The result was a set of sixteen deep mutational scans of fourteen
proteins (Appendix A Table 1). BRCA1 and UBI4 each have two large-scale mutagenesis data
sets corresponding independent experiments in which different functions were assayed (e.g.
ligand binding or catalytic activity). I treated these data sets separately, and did not perform any
averaging of mutational effects between the data sets. Additionally, I removed any variants with

more than one amino acid substitution from all the data sets.

Most of the data sets reported mutational effect scores as the log-transformed ratio of mutant
frequency before and after selection, divided by wild type frequency before and after selection.
For data sets that used a different scoring scheme, I recalculated mutational effect scores as the
log-transformed ratio of mutant frequency before and after selection, divided by wild type

frequency before and after selection. Given that the assays used to detect mutational effect differ,
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I rescaled the reported mutational effect scores for each data set. First, I subtracted the median
effect of synonymous mutations from each reported effect score and then divided by the negative
of the bottom 1% of reported effect scores. Finally, I added 1. In cases where synonymous
mutational effect scores were unavailable, I omitted the synonymous score median subtraction
step. Our rescaling scheme is expressed as

Si,reported - Smedian synonymous

+1

Siscaled = S
median bottom 1%

where S is the mutational effect score. The normalization scheme resulted in scaled mutational
effect scores where the most disrupting mutations have effect scores = 0 and wild-type-like
mutations have scores = 1. Unless otherwise stated, I used all of the rescaled mutational effect
data for each analysis. In each analysis, [ used median as a summary statistic rather than mean
because the frequency distributions of mutational effect are bimodal rather than Gaussian

(Appendix A 1).

232 Variant annotation

DSSP was used to annotate the secondary structure and absolute solvent accessibility of each
wild type amino acid in the data set (http://swift.cmbi.ru.nl/gv/dssp/DSSP_3.html). To estimate
the relative solvent accessibility of amino acids, I divided absolute solvent accessibility as
determined using DSSP by the total surface area of each amino acid. Amino acids with relative
solvent accessibilities greater than 0.2 were labeled as “surface”, whereas amino acids with

relative solvent accessibilities less than 0.2 were labeled as “buried” (103).
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233 Identification of interface positions
Four proteins in the data set had high-resolution PDB structures with peptide or nucleotide
ligands, Gal4 (3COQ), BRCA1 RING domain (1JM7), PSD95 pdz3 domain (1BE9) and
hYAP65 WW domain (1JMQ). I determined interface positions from the literature(5, 15, 104,
105). The interface positions in hYAP65 WW domain were 188, 190, 197 and 199. The interface
positions in BRCA1 RING domain were 11, 14, 18, 93 and 96. PSD95 pdz3 domain positions
were 318, 322-327, 329, 339, 372 and 379. Gal4 interface positions were 9, 15, 17, 18, 20, 21,

43, 46 and 51.

234 Construction of ROC curves

I constructed empirical ROC curves to illustrate the power of each substitution to discriminate
between interface and non-interface positions, determined as described above. First, I defined a
discrimination threshold, such that positions with a mutational effect score below the threshold
were classified “interface” and positions with a mutational effect score above the threshold were
classified as “non-interface.” For each substitution, I varied this discrimination threshold from
the maximum mutational effect score to the minimum mutational effect score in 200 steps,
calculating the true positive interface detection rate (TPR) and false positive interface detection
rate (FPR) at each step. The TPR was calculated by dividing the number of interface positions
with scores below the mutational effect threshold by the total number of interface positions. The
FPR was calculated by dividing the number of non-interface positions with scores below the
mutational effect threshold by the total number of non-interface positions. ROC curves were

constructed by plotting the TPR and FPR for each of the 200 mutational effect thresholds. The
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area under each ROC curve was determined in R using the auc() function in the pROC package

(https://cran.r-project.org/web/packages/pROC/pROC.pdf).

2.4 DISCUSSION

Single amino acid scanning mutagenesis is a widely-used method for identifying protein
positions that are important for function or ligand binding. Alanine is often employed, and was
selected on rational grounds, as it constitutes a deletion of the side chain at the -carbon. By
analyzing tens of thousands of mutations in fourteen proteins, I have determined that alanine is
not the most revealing substitution. For example, histidine and asparagine substitutions have an
effect close to the median, and these substitutions correlate best with the effects of all other
substitutions. Thus, they better represent the effects of mutations generally. Asparagine,
glutamine, aspartic acid and glutamic acid are the most useful substitutions for detecting ligand
interface positions. Thus, this work highlights the utility of large-scale mutagenesis data and
suggests that alanine is not necessarily the best choice for future single substitution mutational

scans whose goal is to identify functionally important positions or map protein-ligand interfaces.

However, these conclusions are based on only fourteen proteins. While these proteins are diverse
in structure and function, they may not fully reflect the mutational propensities of other proteins.
For example, tryptophan scanning mutagenesis is often applied to transmembrane domains (106-
108), which were absent from the proteins I analyzed. Thus, these conclusions are most
applicable to soluble proteins. Furthermore, I do not address specialized applications of single
amino acid scanning mutagenesis. For example, cysteine scanning mutagenesis has been used to

introduce disulfide bridges (88) and glycine scanning mutagenesis has been used to increase
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conformational flexibility (109). These conclusions do not apply to these situations. Finally, the
deep mutational scanning data I analyzed arises from genetic selections for protein function.
Biochemical assays might reveal different patterns. However, I note that a few of the large-scale
mutagenesis data sets [ used were benchmarked against and found to be consistent with

biochemical assay results (110, 111).

Deep mutational scanning can reveal the functional consequences of all possible single amino
acid substitutions in a protein. However, these experiments can be expensive or unwieldy.
Therefore, scanning mutagenesis with one or a few amino acids will remain useful for
determining functionally important positions, probing protein-ligand interactions and answering
other specific questions. These results could be used to guide future single amino acid scanning
mutagenesis experiments, enabling selection of the amino acid best suited for the goals of the

experiment.



29

Chapter 3. QUANTITATIVE MISSENSE VARIANT EFFECT PREDICTION USING
LARGE-SCALE MUTAGENESIS DATA

3.1 INTRODUCTION

Mutations have the power to completely reshape protein structure, stability or activity and can
have drastic effects on evolutionary fitness, protein function and human health. For example,
mutations were used to improve the pharmacokinetic and pharmacodynamic properties of insulin
to more effectively treat diabetes (112). Moreover, a recent survey of genetic variation in humans
revealed that each individual harbors ~50 private missense variants, most of which are of
unknown effect (113, 114). This example highlights an important trend: DNA sequencing
advances have facilitated detection of genetic variation. However, in both laboratory and clinical
settings, determining the impact of a missense variant on a protein’s function remains a

challenge (115).

Experiments can reveal a variant’s molecular effect, and recent advances in multiplex assays
have enabled the assessment of large numbers of variants (4, 116). However, I remain far from
having a comprehensive atlas of missense variant effects in the human proteome, and such an
atlas for commonly studied model organisms is also a distant goal. Thus, variant effect predictors
such as PolyPhen2 (117), SIFT (34), SNAP2 (42), Evolutionary Action (38), CADD (40) and a
host of others (48) will continue to be widely used to predict missense variant effects. Some
predictors are products of sophisticated supervised machine learning algorithms, and are
developed using features and training data that make them suited for a particular type of

prediction problem. For instance, the PolyPhen2 HumDiv model is a support vector machine
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trained on thousands of human Mendelian disease-associated and neutral variants from the
Swiss-Prot database, and is thus optimized to predict the clinical effect of human variants (117).
SNAP2, an ensemble of neural network models, is trained on human pathogenic and neutral
variants as well as variants that impact molecular function (42). Given the breadth of training
data, SNAP2 predictions encompass both the clinical and molecular effects of missense variants.
Conversely, SIFT and Evolutionary Action are not products of machine learning, but instead rely
on evolutionary patterns to predict variant effects. Despite their simplicity, SIFT and
Evolutionary Action perform similarly to PolyPhen2 and SNAP2 for various prediction tasks
(38), which highlights the importance of evolutionary information to successful variant effect
prediction. A recently described unsupervised method, EVmutation, leverages evolutionary
signatures of epistasis to predict variant effects, and has demonstrated enhanced predictive
accuracy over SIFT and PolyPhen2 for both molecular and clinical effect prediction (49). These

tools are all used to prioritize variants in clinical and laboratory settings.

Current predictors face two major limitations. First, most are optimized to predict categorical
variant effects (e.g. damaging vs. benign), and cannot accurately predict effect magnitude. This
limitation arises primarily from the structure of variant effect databases used to train predictors.
For example, the Human Gene Mutation Database (118), Online Mendelian Inheritance of Man
(119), and ClinVar (120) all categorize variants as deleterious or benign to human health. Swiss-
Prot and the Protein Mutational Database contain categorical measures of variant effects in
laboratory assays. Second, most predictors focus on predicting the clinical effect of human
variants rather than the molecular effects on protein function (34, 117). However, the

relationship between molecular effect and clinical effect is complex, and most predictors do not
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deal well with this complexity. For example, both gain- and loss-of-function variants of BRAF
can be pathogenic (121, 122). Variants of PTEN can drive carcinogenesis when they occur
somatically, or can cause autism or a tumor syndrome when they occur in the germline (123).
Thus, I suggest that accurate clinical effect prediction should start with accurate, quantitative
predictions of molecular effect whose subsequent interpretation is guided by specific knowledge

about gene-disease associations.

Here I address the need for an accurate, quantitative predictor of molecular effect by leveraging
deep mutational scanning data. In a deep mutational scan, selection for protein function among a
library of nearly all possible single amino acid variants of a protein is coupled to high-throughput
DNA sequencing (4, 21). Sequencing reveals how each variant’s frequency changes during
selection, and these changes provide quantitative scores that describe the functional effect of
each variant in the library. The resulting large-scale mutagenesis datasets have a distinct
advantage over traditionally-used variant effect predictor training datasets like
HumDiv/HumVar, HGMD and the Protein Mutant Database. Traditional datasets contain a large
number of proteins, each with a median of four to six variant effect measurements. A large-scale
mutagenesis dataset contains deep and unbiased information, capturing the effects of most
variants at every position in single protein. I hypothesize that large-scale mutagenesis datasets
contain informative and generalizable patterns that can be used to predict variant effects in

disparate proteins.

Mutations have the power to completely reshape protein structure, stability or activity and can

have drastic effects on evolutionary fitness, protein function and human health. For example,
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mutations were used to improve the pharmacokinetic and pharmacodynamic properties of insulin
to more effectively treat diabetes (112). Moreover, a recent survey of genetic variation in humans
revealed that each individual harbors ~50 private missense variants, most of which are of
unknown effect. This example highlights an important trend: DNA sequencing advances have
facilitated detection of genetic variation. However, in both laboratory and clinical settings,

determining the impact of a missense variant on a protein’s function remains a challenge.

Here I address the need for an accurate, quantitative predictor of molecular effect by leveraging
deep mutational scanning data. In a deep mutational scan, selection for protein function among a
library of nearly all possible single amino acid variants of a protein is coupled to high-throughput
DNA sequencing (5, 20). Sequencing reveals how each variant’s frequency changes during
selection, and these changes provide quantitative scores that describe the functional effect of
each variant in the library. I use the molecular effects of 21,026 variants of eight proteins,
determined through deep mutational scans, to train Envision, a decision tree ensemble-based
quantitative variant effect predictor. Envision uses a stochastic gradient boosting learning
algorithm, which excels at analyzing nonlinear interactions between features and has performed
well in a myriad of regression tasks (51). To maximize Envision’s generalizability, proteins in
the Envision training set have disparate structures and functions, and are drawn from diverse
organisms. | demonstrate the generality of Envision’s predictions by iteratively training models
that exclude a single protein dataset and then comparing the resulting model’s predictions to the
observed variant effects for the excluded protein. I also assess performance using independent
variant effect data that was not generated by deep mutational scanning nor included in Envision’s

training. I observe that Envision’s predictions are generally more accurate than other state-of-the
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art predictors. Envision’s prediction accuracy is also highly consistent across different amino

acids, unlike other predictors that perform well on some amino acids and poorly on others. I pre-

computed Envision predictions for all possible single amino acid variants of proteins in the

human, mouse, fruit fly, clawed frog, zebrafish, worm, and yeast proteomes. I provide a web-

based tool allowing users to visualize and explore predicted protein sequence-function maps,

which can be used to guide experimental assays aimed at studying variant effect. Envision is

available at

https://envision.gs.washington.edu.

3.2

RESULTS

3.2.1 Data Collection and

Curation

I collected previously published,
large-scale mutagenesis datasets
with quantitative measures of
variant effect on protein function.
Exploratory analysis led to the
following criteria for inclusion: 1)
the experiment must have
measured single amino acid variant
effects, rather than averaging
effects across different genetic

backgrounds; 2) the experiment
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Figure 3-1. Large-scale mutagenesis data and descriptive

features used to train Envision. The number of single mutants (A)

collected from different protein or protein domain large-scale
mutagenesis datasets and the mutational completeness of each
dataset (B) are shown. Mutational completeness was calculated by
dividing the number of observed single mutants by the number

possible single mutants. (C) The distribution of variant effect scores
for each large-scale mutagenesis dataset is shown. For each dataset,

variant effect scores were normalized such that a score of one is
wild type-like and a score of zero is inactivating. Each collected
variant was annotated with 27 features, which describe
physicochemical (dark blue), evolutionary (blue) or structural
(green) variant attributes. (D) The proportion of variants in the
collected large-scale mutagenesis datasets having each feature is

shown (WT = wild type, MT = mutant).
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must have been on a natural protein instead of a designed protein; and 3) the experiment must
have quantitated molecular effects for at least ~50% of all possible variants within the
mutagenized region. Ultimately, deep mutational scans of ten proteins from twelve studies
comprising 28,545 single amino acid variant effects met these criteria (Figure 2.1A,
Supplementary Table 1). Variant coverage ranged from ~50% for the Ube4b domain of murine
E3 ligase to 100% for the IgG-binding domain of influenza protein G and the PDZ domain of
human PSD-95 (Figure 3.1B). Variant coverage depended on experimental details like the
protocol used for library generation (e.g., doped oligomer (124) vs. site saturation mutagenesis
(8)), the number of clones generated and the depth of sequencing. The proteins in the dataset
were distinct, coming from different organisms, having different structural folds and serving
molecular functions ranging from catalysis to peptide binding (Appendix B Table 1). To make
datasets comparable to one another, I normalized variant effect scores in each dataset such that
variants that were more active than wild-type had a variant effect score greater than one, wild-
type-like variants had a score of one and variants that were less active than wild-type had a score

less than one (Appendix B 1, Fig. 3.1C).

Next, I annotated each variant with 27 descriptive biological, structural and physicochemical
features. The biological features captured evolutionary constraints using both site-specific and
co-varying conservation metrics. The structural features included local density and solvent
accessibility from DSSP24, while the physicochemical features describe properties of amino
acids, such as polarity and size. Physicochemical and biological features were available for

nearly all variants, but structural features were not (Figure 3.1D, Appendix B Table 2).
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3.2.2  Predicting Quantitative Variant Effects
I first tested whether a stochastic gradient boosting regression algorithm could model the
relationships between these 27 descriptive features and quantitative variant effect scores for each
protein, individually. To train each single-protein model, hyperparameters, such as the number of
decision trees in the ensemble and tree depth were tuned using tenfold cross-validation (see
Methods). After hyperparameter tuning, I reserved a distinct subset of mutations for testing by
limiting training to a random 80% of each large-scale mutagenesis dataset. This approach
allowed us to estimate the generality of each model to unseen variants within each protein. Nine
of the twelve models performed very well (median Pearson’s R = 0.83, Spearman’s p = 0.80,
Figure 2.2A), while three, the BRCA1 RING domain BARD binding, BRCA1 RING domain E3

activity and E4B ubiquitin ligase models, performed poorly (median R = 0.22, p = 0.35).
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Figure 3-2 Protein-specific gradient boosting models can accurately predict variant effect
scores. | trained a model for each protein using a randomly selected 80% of data, with 20%
reserved for testing. (A) A radar plot of Pearson’s correlation coefficients between observed and
predicted variant effect scores illustrates protein-specific model performance on both training
(dark red) and testing data (light red). The PAB1 RRM domain-specific model predicts the
effects of variants withheld from training well (Pearson’s R > 0.75), and was used to predict the
197 missing variant effect scores. (B) The completed Pabl RRM domain sequence-function map
is shown for positions 126-200. Each mutagenized position is a column, and each amino acid
substitution is a row. Wild type-like variants are colored dark blue and inactive variants are
colored light blue. Predicted effects are denoted by black borders.
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Experimental noise cannot account for these models’ poor performance, since the correlation of
model predictions with the training and testing data is much lower than the correlation between
replicate experiments (Appendix B Table 1). I hypothesized that poor performance arose
because correlations between the features and variant effect scores were low (Appendix B 2).
The low correlation might occur because the assays did not test natural functions of these
proteins, and, whereas some of the model features are biochemical, many are evolutionary. For
instance, the BCRA1 RING domain variants were assayed for two specific functions, E3 ligase
activity and BARD binding. However, BRCA1 is a complex protein with many functions and
interactions with more than 25 other proteins (16). Another possibility is that these two datasets
were missing some structural features. However, the YAP65 WW domain dataset was missing
the same features yet resulted in an accurate model. Thus, I cannot definitively identify the cause
of poor performance in the BRCA1 RING domain and E4B ubiquitin ligase models. I excluded

these three datasets from subsequent analyses.

For most proteins, the feature set and learning procedure generated accurate models of variant
effect. Beyond validating our approach, these single protein models afforded us the opportunity
to complete each large-scale mutagenesis dataset by predicting missing variant effect scores. The
nine datasets I analyzed were collectively missing 862 variants, or 4% of the possible single
amino acid variants. The Pabl dataset lacked effect scores for ~20% of the possible variants. I
used the Pab1l model (R = 0.86; p = 0.79) to predict the missing data and complete the Pabl
RNA recognition motif dataset (Figure 3.2B). I provide completed datasets for each protein

(Appendix B Table 3).
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Next, I used stochastic gradient boosting to train a global model with the 21,026 empirically-
derived variant effect scores in the nine large-scale mutagenesis datasets (see Methods). I crafted
a cross-validation scheme specifically designed to avoid protein-specific overtraining. In this
scheme, I tuned hyperparameters using a leave-one-protein-out approach. During each round of
cross-validation, I withheld all variant effect scores from one of the proteins, training only on
variant effect scores from the other seven proteins, and then predicted the held-out dataset in the
validation phase (Appendix B 3A, Appendix B Table 4). Once hyperparameters were tuned, I
trained Envision with all available data, except for a random 5% of variant effect scores that I
withheld for testing and to assess overfitting. Training and testing data root mean squared errors
were similar at each model training iteration, indicating that the model is not overfitted to the
training data (Appendix B 3B). Envision predicted the training data well (R =0.79, p = 0.76;

Figure 2.3A).
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Figure 3-3 Envision outperforms other
quantitative variant effect predictors.
(A) A hexagonal bin plot shows the
correlation between predicted and observed
variant effect scores for all the large-scale

sctvatemutagenesis data used to train Envision

(Pearson’s R =0.79). To evaluate

anncaycop€fOrmance on data not used in training,

models were retrained excluding each one
of the nine proteins. (B) A radar plot shows
the correlation (Pearson’s R) between
predicted and observed variant effect scores
when the indicated protein was left out. (C)
We also compared the leave-one-protein-
out models to SNAP2 (left panel),
EVmutation-epistatic (middle panel) and
EVmutation-independent (right panel). The
log; ratio of each leave-one-protein-out
model’s Pearson’s R to another predictor
Pearson’s R on the left-out data is shown.
Hashed bars indicate relative performance
on a set of 2,312 TP53 transactivation
activity scores measured in a low-
throughput assay and not used in training.
(D) A hexagonal bin plot shows the
correlation between Envision predictions
and TP53 activity scores (Pearson’s R =
0.58). (E) A violin plot illustrates the
distribution of Pearson’s correlation
coefficients for variant effect scores and
Envision, SNAP2 and EVmutation
predictions for different mutant amino
acids. The dashed horizontal line indicates
the median Pearson’s correlation
coefficients for each predictor.

To evaluate Envision’s performance, I employed a jack-knife approach to estimate how well a

leave-one-protein-out (LOPO) model could predict variant effect scores for a protein excluded
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from model training. Here, I repeated the training procedure described above, leaving one protein
completely out of the hyperparameter tuning and model training process. Then, I used the
resulting model to predict variant effect scores for the left-out protein and determined
performance (see Methods). I repeated this procedure for all nine proteins. Variant effect scores
for left-out proteins were predicted with Pearson’s R ranging from 0.38 to 0.69 and Spearman’s
p ranging from 0.30 to 0.74 (Figure 3.3B; Appendix B 3C). To determine the effect of the
variant effect score normalization scheme on model training and performance, I compared LOPO
models trained using either normalized or non-normalized variant effect scores. Indeed, models
trained using normalized data predicted variant effect scores for the left-out protein better than
models trained using non-normalized data (median R = 0.56 vs. 0.39, median p =0.51 vs. 0.35;
Appendix B 3D). This result highlights the utility of the variant effect score normalization

scheme.

Next, I compared our LOPO models’ performance to other predictors. PolyPhen?2 is trained to
predict the categorical clinical effect of variants, but also generates a numerical score. This score
is the naive Bayes posterior probability that a variant is damaging, and, although quantitative, it
is not designed to predict the magnitude of a variant’s molecular effect. As expected, for the only
human protein in our dataset, YAP65 WW domain, our LOPO model outperformed PolyPhen2
when predicting WW domain variant effect scores (R =0.46 vs. 0.17; p =0.36 vs. 0.19). Like
PolyPhen2, SIFT also generates categorical predictions and scores for human proteins. SIFT
scores represent the scaled probability of a missense variant being tolerated, and are also not
expected to capture the magnitude of variant molecular effects. The WW domain LOPO model

also outperformed SIFT scores (R 0.46 vs. 0.03; p =0.36 vs. 0.04). PolyPhen2 and SIFT were
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not designed to predict variant effect magnitude, and these results confirm that they should not

be used to do so.

SNAP2, EVmutation and Evolutionary Action were developed to predict variant effect
magnitude(38, 42, 49). However, Evolutionary Action scores could not be obtained by batch
query, preventing us from including them in this analysis. I found that SNAP2 predicted variant
effect scores much better than PolyPhen2 or SIFT, but not as well as our LOPO models, which
outperformed SNAP2 on seven of nine datasets (median R 0.56 vs. 0.44) (Figure 3.3C). I also
compared our models to EVmutation, which predicted the magnitude of variant effects using
either an epistatic or an independent conservation-based unsupervised statistical model. Here,
our LOPO models outperformed EVmutation’s epistatic model on six out of nine datasets
(median R 0.56 vs. 0.47) and EVmutation’s independent model on seven of nine (mean R 0.56
vs. 0.48; Figure 3.3C). An equivalent analysis using Spearman’s p revealed similar results
(Appendix B 3E). I also assessed the magnitude of improvement of our LOPO models over
other tools in terms of Pearson R. Across all datasets, our LOPO models’ predictions are 4%,
14% and 21% more correlated with the observed variant effect scores than predictions from
EVmutation epistatic, EVmutation independent and SNAP2 models, respectively.

Next, I aimed to determine what factors led to our improved performance. Many differences
exist between Envision and the other tools, making it difficult to unequivocally identify the
sources of improvement. For example, Envision, SIFT, EVmutation, PolyPhen2 and SNAP2
were all generated using different algorithms that can’t readily be compared. Envision’s features
are similar to those used by SNAP2 and PolyPhen2, so the improvement I observed is not likely

due to Envision’s features. Instead, I hypothesized that our use of deep mutational scanning data
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and our cross-validation approach, designed to yield a generalizable model, are the two attributes
that led to improved performance. The lack of a large database of quantitative variant effects
measured by means other than deep mutational scanning made it impossible to evaluate the
performance advantage conferred by training our models using deep mutational scanning data.
However, I could quantify the impact of our cross-validation approach by comparing the
performance of models trained using a standard tenfold cross-validation hyperparameter tuning
scheme to models trained using our leave-one-protein-out (LOPO) scheme. I found that
hyperparameter tuning using our LOPO approach yielded improved performance compared to
tenfold cross-validation (median R = 0.56 vs. 0.45, p = 0.50 vs. 0.45; Appendix B 3F). Thus,
our LOPO cross validation procedure, which improved predictive performance by ~10-20% over
all protein datasets, is a cornerstone of Envision’s success. I suggest that our LOPO approach,
designed to yield generalizable models, was especially important given that our training data set

contained relatively few proteins.

Our leave-one-protein-out analysis demonstrated that Envision provided improved quantitative
predictions of variant effect for variant effect scores measured using deep mutational scanning.
However, [ was concerned that Envision’s performance advantage arose because it learned deep
mutational scanning-specific patterns in the data. To ensure that Envision was not overfitted to
data derived from these methods, I obtained a mutagenesis dataset for the TP53 tumor suppressor
that was not generating using deep mutational scanning. Instead, the effect of each variant on
TP53 transactivation was measured individually in a plate-based assay. Here, TP53 variant
transactivation of eight distinct TP53 response-elements was measured using a fluorescent

reporter protein (125). Overall, this dataset contained 2,312 TP53 variant effects expressed as a
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percentage of wild-type fluorescence, averaged across the eight response elements. I predicted
TP53 variant effect scores using Envision, which was trained on all nine large-scale mutagenesis
data sets. The TP53 data were never used, directly or indirectly, during the training procedure.
Despite the fact that the TP53 dataset was not acquired using deep mutational scanning, Envision
predicted the TP53 variant effect scores well (R = 0.58, p = 0.53; Figure 3.3C, D). Importantly,
Envision outperformed SNAP2 (R = 0.53; p = 0.50), whose training dataset included ~400
human TP53 mutations from more than 50 independent studies, and EVmutation (epistatic R =
0.45, p=0.49; independent R = 0.49, p = 0.52; Figure 3.3C). Thus, Envision has learned
patterns of the molecular effects of variants that do not appear to depend on the measurement

method.

Next, I sought to determine whether Envision performance depended on the identity of either the
mutant or wild type amino acid. I evaluated performance on the TP53 dataset to enable
comparison to EVmutation and SNAP2. I found that Envision prediction performance did not
depend much on the identity of the mutant amino acid (Figure 3.3E, Appendix B 3G).
However, EVmutation and SNAP2 showed large biases in performance. For instance,
EVmutation predicted mutations to phenylalanine with high accuracy (R = 0.69, p = 0.70), but
predicted mutations to leucine with low accuracy (R = 0.24, p = 0.33). SNAP2 performance was
also biased in favor of mutations to tryptophan and methionine and against mutations to alanine.
These biases are also apparent in the context of the wild-type amino acid, where I found
EVmutation predicted mutations from wild type cysteine very well (R =0.82, p=0.71) and wild
type aspartic acid poorly (R =0.02, p = 0.05; Appendix B 3H). Consequently, in addition to

greater overall accuracy, Envision performance was more consistent.
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Finally, I assessed the utility of Envision scores for clinical effect prediction. I evaluated
performance by constructing ROC curves using variants annotated as either pathogenic or benign
in the ClinVar database. Envision predictions were much better than random chance (AUROC =
0.72), but not as good as PolyPhen2, CADD and SIFT (AUROCs = 0.86, 0.85, 0.84; Appendix
B 3I). This result is not surprising because Envision was not designed or optimized for this task,
and because comparison of predictor performance on clinical data is difficult given that many
predictors are trained on or optimized to predict these data28. Furthermore, the relationship
between the magnitude of a variant’s molecular effect and disease phenotype is likely to be
different for each disease-associated protein. For example, a weakly damaging variant in some
proteins may be sufficient to cause disease, whereas only strongly damaging variants lead to
disease in other proteins. Finally, I note that the rate at which training datasets grow in the

coming years may be much greater for deep mutational scans than for clinical variant databases.

324 Feature importance and future improvements

Gradient boosting models are highly interpretable. By analyzing which features were commonly
used in the ensemble of decision trees, I estimated the importance of each feature to deepen our
understanding of the properties of amino acid variants that alter function. The features that were
most strongly represented in the Envision decision tree ensemble include structural features like
B factor and solvent accessibility, as well as biological features related to evolutionary
conservation (Figure 3.4A; Appendix B Table 5). These features are known to be predictive of
variant effects (126, 127). However, unlike other feature-driven predictors (42, 117), I found that

the mutant amino acid identity is informative. This amino acid identity effect was largely driven
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by proline. Proline variants are generally disruptive of protein function because they eliminate
the amide hydrogen necessary for hydrogen bonding and because they constrain the
conformation of the polypeptide backbone. Indeed, proline variants were more damaging than
other substitutions in the large-scale mutagenesis datasets (proline mean effect score = 0.60 vs.
all AA mean = 0.81; paired t-test P << 0.001, n = §; Appendix B Figure 9). Additionally, I
found that Envision predicted the effects of proline variants about as accurately as the effects of
other variants (Appendix B Figure 10). Thus, rather than simply predicting that all proline
variants were strongly damaging, Envision predicted the degree to which proline variants

maintain or disrupt function.
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Figure 3-4 Envision is an interpretable model that will improve with more training data.
The number of times each feature is used in Envision’s decision tree ensemble is a measure of
feature importance. (A) Feature importance for every physicochemical (dark blue), biological
(blue) and structural (green) is shown (WT = wild type, MT = mutant). To assess the impact of
adding more training data to Envision, I conducted a downsampling analysis. Models were
trained with increasing numbers of randomly selected protein datasets, and tested on mutations
from proteins withheld from training. (B) The mean Pearson’s correlation coefficient between
predicted and observed variant effects across testing datasets are shown, organized by the
number of proteins included in the training set. Error bars indicate the standard deviation of
correlation coeffcients obtained from ten random samplings of proteins to include in the training
set. A naive model (i.e. number of training proteins = 0) was also generated by randomizing
feature values for all proteins and repeating the training procedure. The error bars for the naive
model indicate the standard deviation of correlation coefficients obtained from ten different
feature randomizations.
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Finally, I hypothesized that incorporating additional large-scale mutagenesis datasets into future
versions of Envision would improve performance. To determine how the number of proteins in
our training dataset affected the generality of Envision to unseen data, I performed a down-
sampling analysis. Here, versions of Envision were trained with datasets containing different
numbers of proteins and tested on withheld protein datasets. I found that model generality
increased as more proteins were used in model training, suggesting that accumulation of more

data will improve Envision’s predictive performance (Figure 3.4B).

3.3  DISCUSSION

I developed Envision, the first variant molecular effect predictor trained on large-scale
mutagenesis data. Envision is generalizable, accurately predicting variant effects in large-scale
mutagenesis data withheld from training. Envision can also accurately predict variant effects
from low-throughput experiments, and thus has not simply learned underlying patterns exclusive
to large-scale mutagenesis data. Overall, Envision outperforms other quantitative predictors like
SNAP2 and EVmutation in predicting experimentally measured molecular effects. In particular,
the quality of Envision predictions is relatively uniform across different amino acid substitutions,
whereas other predictors’ accuracy is driven by high performance on some substitutions and poor
performance on others. The promise of using large-scale mutagenesis data to develop variant
effect predictors is highlighted by the fact that Envision was trained from deep mutational data
on only nine proteins, but can outperform established methods that are trained using sparse
mutational data on thousands of proteins. Thus, as more large-scale mutagenesis data becomes

available, Envision will continue to improve.
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Envision also has limitations, which may hinder its utility. Envision’s predictions are provided as
quantitative scores that range from ~0 to ~1, where scores less than one are function-damaging
as compared to wild-type. I find that Envision can predict the scores of strongly damaging and
neutral mutations well, but predicts mutations of intermediate effect less well (Appendix B 3C).
Envision also relies on structural and evolutionary features that are not available for every
protein, and I found that predictive performance degraded when these features were missing.
Thus, while Envision predictions are available for millions of variants, I recommend treating
them with caution when key features are missing. Consequently, the Envision web tool reveals

which features are incorporated for each prediction.

Providing evidence for or against human variant pathogenicity is an important problem, made
challenging by the complex relationship between molecular and organismal effect. In some
cases, like cystic fibrosis, significant loss of function is required to cause disease (128). In other
cases, even minor alterations are pathogenic (129). Proteins have many functions, many
interaction partners and can be related to many diseases. An ideal pathogenicity predictor would
incorporate accurate, quantitative predictions of molecular effect with gene-disease association
and population variation data. Because Envision is trained on, and makes predictions of,
molecular effects, it could be useful in developing the next generation of pathogenicity

predictors.

I furnish pre-computed Envision predictions for all possible single amino acid variants of each
gene for six model organism and human proteomes. I anticipate that Envision will be a useful

tool for identifying candidate variants that tune protein activity levels. Such variants may serve
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as a mechanism to control protein activity in in vitro or in vivo systems. Envision’s predictions of
molecular effect may also be useful in situations where the relationship between protein function
and disease is clear. Thus, Envision can be useful in a number of ways, and will continue to

improve as new datasets become available.

3.4 METHODS

34.1 Training and data collection

Published large-scale mutagenesis datasets were used as training data if they met several criteria.
First, I required that at least 50% of all possible single amino acids were substituted at each
mutagenized position. Thus, alanine and proline scans did not qualify for this study. Second, I
only accepted mutational scans of native proteins assayed for native biological function. Third, I
excluded scans in which the complete variant sequence was unknown. I also removed variants
with more than one mutation. In total, I accepted twelve datasets comprising ~30,000 missense
mutations. These scans were performed on proteins from different organisms: human, mouse, rat,

S. cerevisiae, and bacteria (Appendix B Table 1).

34.2 Normalization

Each large-scale mutagenesis dataset was generated using a distinct experimental assay, which
resulted in different variant effect score distributions. To enable meaningful comparison between
datasets, I normalized them. For each dataset, every variant effect score was normalized to the
wild type score and then log, transformed (Appendix B 1A). Next, [ subtract the median effect

of synonymous variants, if available. Synonymous variants were unavailable for the PSD95
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(Pdz3 domain), Protein G (IgG domain), UBE4B (U-box domain) and BRCA1 datasets, so |

instead subtracted 0 from each score in those datasets. Lastly, I divided each score by the
negative median score of the bottom 1% of mutations of each dataset and added one. Our

normalization scheme is expressed as

Snormalized = (Sreportedi - Smedian synonymous)/(_smedian bottom 1%) + 1> (2-1)

where S signifies score. This normalization scheme results in variants that are more active than
wild type having scores of greater than one, wild type-like variants having scores of one, and

damaging variants having scores of less than one (Appendix B 1B).

343 Variant annotation

Mutations were annotated with three general types of descriptive annotations: evolutionary,
biochemical and structural (Appendix B Table 2). Several evolutionary features used in our
model were obtained using the PolyPhen2 annotation pipeline (130). I also derived a measure of
average mutational covariance between a given position and all other positions in a multiple
sequence alignment from EVfold (49). To obtain structural information, I use DSSP
(http://www.cmbi.ru.nl/dssp.html) (101) and PDB files from the Protein Data Bank
(http://www.rcsb.org/pdb/home/home.do) (131). Our biochemical annotations include measures

of amino acid size, weight, volume, isoelectric point, and Grantham scores (100).
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344  Machine learning
Stochastic gradient boosting is a method of machine learning that uses an ensemble of weak
prediction models (e.g., decision trees) for classification or regression problems (51). I
constructed stochastic gradient boosting tree regression models using the GraphLab Create
framework from Turi (https://turi.com/products/create/). Hyperparameters were optimized using
a grid search. For each predictive model, I tuned six parameters in a stepwise fashion. First, |
optimized for the number of decision trees in the ensemble. Next, I tuned the maximum depth of
a decision tree and the minimum number of observances allowed in a terminal node of a tree.
Then, I determined the value that the squared-loss must be reduced by in order to add an
additional node to a tree. Finally, I identified the optimal proportion of variant effect scores and
features used to train each tree. Once hyperparameters were tuned, I reduced the learning rate

from 0.1 to 0.01 and increased the number of decision trees by five-fold.

345 Single protein models

To filter out datasets that are noisy or contain variant effects that cannot be explained by our
evolutionary, structural or physicochemical features, I performed gradient boosting machine
learning on a randomly selected 80% of variant effect scores from each protein dataset. This
resulted in a model for each protein, which I used to predict the 20% of variant effect scores
withheld from model training. Proteins whose specific models performed poorly on withheld

data (Pearson’s R < 0.5) were excluded from the LOPO and global models.
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3.4.6 Training Envision
Envision was trained using the same approach as our single protein models with an added leave-
one-protein-out cross-validation procedure, where, at each round, a different protein was
removed from the training set and used for validation (Appendix B 3). Thus, after each round of
training, a model’s generality was tested on variant effect scores from a protein not used to train
the model. This cross-validation procedure allowed us to test an array of hyperparameters to see
which parameter sets yielded the most generalizable models. Here, model generality was
determined by measuring the root mean squared error between model predictions and variant
effect scores from a left-out protein. Once all hyperparameters were optimized (Appendix B
Table 4), | trained Envision with all available data except for a randomly selected 5% of which |

excluded to evaluate model generality and ensure that the model was not overfitted.

347  Leave-one-protein-out (LOPO) models

To estimate Envision’s performance on proteins not used in model training, I generated nine
LOPO models. These models were trained using the same protocol as Envision, except that in
each case a different protein was left completely out of the hyperparameter tuning and final

model training procedures.

3.4.8  Downsampling analysis

To evaluate the effect of additional training data on model performance, I trained models with 2,
4, 6 or 7 of the available nine protein datasets. Model training was performed as described above.

Each model was used to predict variant effects in proteins that were not used during the training



51

phase. Confidence intervals were generated by randomly selected proteins to use in the training

phase.
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Chapter 4. EFFECT OF MUTATION ON PROTEIN AGGREGATION

4.1 INTRODUCTION

Protein aggregation is a molecular phenomenon that affects all known organisms from bacteria
to humans and implicated in a number of human diseases (132). One aggregation-associated
disease is Alzheimer’s disease (AD), which is the most common form of dementia. AD is
incurable, untreatable and unpreventable, as its molecular underpinnings remain unknown.
However, genetic, biochemical and epidemiological evidence suggests Amyloid B (AP)

aggregation may cause the neurodegeneration associated with AD (63, 70, 132, 133).

AP aggregation plays a key role in the progression of Alzheimer’s disease. Despite the
importance of AP aggregation in disease etiology, our understanding of the determinants of
aggregation is sparse and largely derived from in vitro studies. To overcome these gaps in
knowledge, I use deep mutational scanning to measure the aggregation propensities of tens of
thousands of AP variants. Recently, de Groot et al. (86) developed a yeast-based system to
extricate toxicity from aggregation and thus offers a way to investigate the effects of protein
sequence on aggregation propensity alone. In this system, AP is cytoplasmically localized to
eliminate its aggregation-associated toxicity (71). To link AP aggregation to yeast growth, AP is
fused to an essential protein, dihydrofolate reductase (DHFR) via a short peptide linker. The
endogenously expressed concentration of DHF1 (yeast DHFR), is competitively inhibited by
methotrexate. Furthermore, DHFR’s activity is dependent upon A solubility, and thus yeast
with soluble AP variants rapidly grow in culture, whereas aggregating A variants yield slow

yeast growth.
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High-throughput DNA sequencing tracked the frequency of each A variant during the selection

and enabled us to assign an aggregation propensity score to each variant in the library. Our study
provides the first large-scale, in vivo mutational dataset of AP, which will illuminate the
physicochemical properties of amino acids that negate, promote or do not effect AP aggregation.
This data source has the potential to a novel way to identify correct models of aggregate

structure.

4.2 RESULTS

4.2.1 Multiplexing an assay for protein aggregation

To begin, I verified that the AB-DHFR selection assay could be used to select for non-
aggregating variants of AP in yeast (Figure 4.1A). Our ability to accurately measure the effects
of AP mutations on aggregation propensity hinged upon the inhibition of DHFR with
methotrexate. To identify the dose of methotrexate needed to inhibit endogenously expressed
DHF1 concentrations, I performed a dose-response curve via yeast growth experiments. I find
80uM methotrexate to maximally distinguish yeast with aggregating (Ap) and nonaggregating

(AB-F19D) variants of AB-DHFR (Figure 4.1B; Figure S4.1).

Next, I performed a co-culture with AB-DHFR and AB(F19D)-DHEFR to verify that our assay
yields differential growth rates for aggregating and nonaggregating variants. In this experiment,
co-culture samples were collected at 12 h intervals, plasmids were extracted and then prepped for
Sanger sequencing to quantitate the proportions of A variants in the culture. Indeed, I find that
yeast expressing the nonaggregating variant out-grows wild-type AP (Figure 4.1C). Aggregation

patterns, e.g. punctate vs. nonaggregating, for known aggregating and non-aggregating A3
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variants were verified with fluorescence microscopy on AB-GFP variants. As expected, yeast
expressing AB-GFP yield punctate aggregates after 24h induction, while yeast with AB(F19D)-
GFP show diffuse fluorescence across the cell (Figure 4.1D). Thus, our assay preferentially

selects for yeast with variants of A that disrupt protein aggregation.
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Figure 4-1. Yeast-based aggregation assay selects for non-aggregating variants of Ap. An
overview of the selection assay is shown in panel (A). Yeast are transformed with CEN plasmids
that express A variants fused to dihydrofolate reductase (DHFR) in the presence of galactose.
Methotrexate competitively inhibits DHFR and in administered at a level that inhibits
endogenously expressed DHFR concentrations (B). Non-aggregating variants of AB-DHFR
rescue growth and increase in frequency faster than aggregating variants in co-culture (C). Ap-
GFP fusions show different aggregate patterns in aggregation- and nonaggregation-prone
variants (D).



55
4.2.2  Measuring aggregation propensity and replicability
A library of AP variants was made using doped-oligo mutagenesis (See Methods). Aggregation
propensities were measured for 15,238 (355 single amino acid) variants in the library
(Supplementary Table 4.1A-B). As done by others (10, 15, 134), I used a statistical error
cutoff guided by synonymous mutation effects across replicates to filter out potentially erroneous
measures of protein aggregation. Here, I limit subsequent analyses to variants with standard
errors <= (.15. This cutoff yields an effective library size of 11,530 (330 single amino acid)
variants. The aggregation propensity scores for filtered single amino acid mutations across
triplicates are highly correlated (R=0.8-0.9) and suggest our assay reliably measures aggregation

propensities (Supplementary figure 4.1).

423 Effects of single amino acid mutations on aggregation propensity

Aggregation behaviors of truncating and synonymous variants evince our assay’s ability to
measure aggregation (Figure 4.2A). | see exclusively low scores for mutations that terminate
translation prior to DHFR because our assay is dependent upon DHFR activity rather than
another phenotype like aggregation product toxicity. As expected, synonymous mutations also
yield low scores because they presumably do not affect the native aggregation activity of Af.
Additionally, I performed experiments to test estimate genetic drift in variant frequencies and the
toxicity of AP variants. In these experiments, without AB expression (no galactose, no
methotrexate) and without selection pressure (no methotrexate), respectively, I observe little to

no effect of AP variants on yeast growth (Figure S4.2-4).
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Figure 4-2. Effects of mutations on AP aggregation propensity. The aggregation propesnties
of AP variants measured by deep mutation scanning are shown in a heatmap, where red and blue
denote reduced and increased aggregation relative to wild-type AP (A). Six mutations that span
the aggregation propensity were selected for validation via a low throughput assay where culture
density was measured incrementally over a 24hr time period and then a regression line was fit to
log phase growth to estimate variant growth rate (y-axis) (B).

To verify that our massively-parallel assay successfully measures variant effects, a handful of Ap
mutations that span aggregation propensity from highly soluble to aggregation-prone were
subject to a low- throughput validation assay. In these experiments, the growth rate of yeast
expressing individual A variants were measured and compared to the aggregation propensity
scores. Indeed, the low-throughput assay results are strongly correlated with the scores derived

from sequencing read counts (Figure 4.2B). Thus, our assay can reliably measure the effects of

AP variants on aggregation propensity.

To draw general conclusions about the amino acid determinants of protein aggregation, |
investigated the quantitative effects of mutations along the A sequence. First, I calculated the
median effect of polar and nonpolar amino acid substitutions (Figure 4.3A). As expected, polar
amino acids disrupt aggregation in sections of AP sequence harboring stretches of nonpolar
amino acids. Yet, I find mutations to polar amino acids at some positions increase aggregation

propensity. For example, polar amino acids increase aggregation propensity 36% at position 38,
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which harbors a glycine residue. Congruently, I find mutations to nonpolar amino acids generally
improve aggregation propensity. To determine whether this finding is a property of B-strands or
potentially unique for amyloid-associated (3-strands, I surveyed the effects of mutations in or
flanking B-strands on protein function activity. B-strand and non-strand mutations come from 10

proteins with available deep mutational data. I find A B-strands are more affected by polar

Median score

median score

Nonolar mutation

Polar mutation
median score

median score

Charged mutation

|
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Figure 4-3 Summary of mutational effects across Af sequence. Barplots show the median of
all, nonpolar (A,V,ILLF,M,Y,W), polar (S,T,N,Q) and charged (K,H,R,D,E) amino acids.

mutations than other B-strands, likely due to the fact aggregation is directly linked to B-strand
potential, while other protein functions are less dependent upon it. (Figure S4-5).

To determine regions of AP sequence important for protein aggregation, I used agglomerative
hierarchical clustering to mathematically distinguish between positions important and auxiliary

for protein aggregation. As expected, positions in similar hydrophobicity classes cluster together.
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For example, cluster 2 (in red) and 5 (in green) preponderantly harbor hydrophobic amino acid
position, whereas clusters 1 and 4 largely contain polar positions. Interestingly, cluster 3 contains
only 2 positions, which are both glycine and show increased aggregation propensities when

mutated. Thus, hydrophobicity may be a major determinant in protein aggregation.
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Figure 4-4 AP positions cluster by wild-type amino acid hydrophobicity. Hierarchical
clustering using Ward’s method was used on AP aggregation scores for each mutant amino acid
at all positions. Dendrogram x-axis shows position and hydrophobicity of wild-type amino acid

and y-axis shows the Ward’s distance between clusters.

To draw general conclusions about the amino acid determinants of protein aggregation, the
effects of mutations in the context of wild-type amino acids were investigated. The median
effects of mutations for each amino acid type reveal that mutations to charged and polar amino
acids generally increase aggregation propensities (Figure 4-5A). On the contrary, mutations at
AP positions harboring hydrophobic residues are generally disruptive to aggregation. In a similar
analysis, the median effects of mutations across mutant amino acid types were calculated. Here, I

find a complimentary pattern, where mutations to hydrophobic amino acids increase aggregation



and polar or charged amino acids decrease it (Figure 4-5B).
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Figure 4-5. Hydrophobicity is a molecular determinant of protein aggregation. Median
aggregation propensity scores for wild-type (A) and mutant (B) amino acids. The scatterplot
shows the Pearsons R” correlation between hydropathy scores and the median aggregation

propensity scores for wild-type and mutant amino acids (C).
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To see whether hydrophobicity was linearly correlated with aggregation, hydropathy scores were

compared to median aggregation propensity scores (Figure 4-5C). Indeed, some correlation

between hydropathy and median aggregation scores exist, although the magnitude of correlation

is not high (R* = 0.18 and 0.32). Thus, as suggested by our hierarchical clustering analysis,

amino acid hydrophobicity is a determinant of protein aggregation.

The majority of Alzheimer’s disease-associated mutations are not found in AP sequence, but

instead in its precursor protein or the secretase proteins that process AP precursor protein.
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However, several disease-associated mutations in AP sequence have been reported in Clinvar
(135) . Additionally, Exac (113) reports additional mutations with unknown clinical significance
that exist in humans. To investigate the relationship between aggregation and disease state, |
collect the aforementioned mutations and compare them to our aggregation propensities (Figure
4-5A-B). I find no correlation between Exac mutant allele frequencies and aggregation
propensities to exist. Of note, the mutation with highest allele frequency (Ala2Thr) maintains

wild-type-like aggregation and five of seven pathogenic mutations also maintain aggregation

propensity.
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Figure 4-6. Aggregation propensity scores of human Ap mutations. (A) A scatterplot
compares A mutant allele frequencies in humans to aggregation propensity scores. (B) A bar
plot shows the aggregation propensities for seven pathogenic mutations from Clinvar.
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4.3 METHODS

4.3.1 Library construction

The library was constructed in vivo as done by others (136). First, a forward primer containing a
5’ homology region, an NNK codon, and a 3’ extension region was designed for each codon in
AB. The homology and extension regions were at least 15 nucleotides in length and had melting
temperatures greater than 55C. Reverse primers were the reverse complement of the 5’

homology region.

A unique PCR reaction was completed for each codon position. Each reaction contained 40ng
template (p416GAL1-AB-DHFR) and 10 uM forward and reverse primers (IDT, custom oligos)
in a total reaction volume of 30ul. The following cycling conditions were used: 95C 3min, 8x [
98C 20sec, 60C 15sec, 72C 9min ], 72C 9min. After PCR, 7.5ul of each product was run on a
1.5% agarose gel for 30min at 100V to check for a single product. The remaining 22.5ul aliquots
of product were each digested for an hour at 37C with 0.6ul of Dpnl (NEB, R0176S). After
digestion, 4ul of each linear product was transformed into a 50ul of TOP10F Chemically
Competent E. coli (ThermoFisher, C303003) according to manufacturer with the following
modifications: the protocol was done in a 96 well plate, and cells were recovered in a total
volume of 200ul SOC. After recovery, cells were transferred to a deep well plate with 1.6-1.8mL
of ampicillin LB and shaken overnight. To get an estimate of colony count, 50ul of culture was
plated on an LB + ampicillin agar plate. Deep well plates and agar plates were incubated at 37C
overnight. After incubation, all 42 deep well plate cultures were combined and subject to a

midiprep (Sigma, NA0200).
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4.3.2  Plasmids, yeast strains and growth conditions

To create a galactose-regulated AB-DHFR expression system, I cloned the human AP coding
sequence into the Spel and HindIII sites of p416 (URA3, GAL1 promoter, CEN) (Mumberg,
Miiller, & Funk, 1994). AB-GFP variants were cloned using the same scheme. All A variants
were cloned into p416 and transformed in W303 strain (MATa/MATa {leu2-3,112 trpl-1 canl-
100 ura3-1 ade2-1 his3-11,15} [phi+]). Cells were grown at 30°C in synthetic complete (SC)
media lacking uracil and supplemented with 2% glucose. For aggregation experiments Af library
expression was induced with 2% galactose in SC lacking uracil and adding the DHFR inhibitor,
methotrexate (TCI America, M-1664), to a final concentration of 80 uM and 1mM sulfanilamide
(Sigma, S-9251), unless otherwise indicated. A similar experiment was conducted without
methotrexate the test the effects of AP expression on yeast growth and a another experiment was

conducted without methotrexate or galactose induction to estimate genetic drift.

433 Selection assay

Transformed yeast were inoculated into SmL or 300 mL of C-Ura, 2% glucose media, grown in a
rotating/shaking, 30C incubator over night and then transferred to 5 mL or 300 mL 2% raffinose
media to remove the glucose repression acting on the gall promoter. After two hours in 2%
raffinose, yeast were back-diluted to an OD of 0.01 into 5 mL or 300 mL 2% galactose to induce
gene expression in the presence and absence of 80uM methotrexate, ImM sulfanilamide. For 300
mL experiments, wherein yeast with aggregating and nonaggregating variants were grown in co-
culture, two strains were inoculated at a 1:1. In SmL experiments, yeast growth was measured

using a spectrophotometer that detects 660 nm wavelengths throughout a 48h course. In
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competition experiments, 10 OD units of yeast were collected from 300 mL cultures every 12h,
spun down, concentrated and stored in -80C until experiment concluded. Frozen yeast were then
thawed and then their plasmids were extracted using DNA clean and concentrator kit (Zymo
Research). Extracted plasmids were prepped for sequencing and sequenced using Sanger
Sequencing. I used the following equation to calculate doubling times from two time points:
(Logio(OD12/ODt1)/ Logio(2) )/ AT, where OD represents the optical density at 600nm at a time

point (T).

4.3.4  Library preparation for high-throughput sequencing

Plasmids were extracted from yeast with ZYMO Research Zymoprep Yeast Plasmid Miniprep 1
kit (Zymo Research, D-2001). Library fragments were amplified by 17 PCR cycles using primers
specific to DNA sequences that flank AB-DHFR in p416, and sequenced by an Illumina NextSeq

sequencer by pair-end reads.

4.3.5 Variant effect analysis

Functional scores are calculated by dividing the frequency of a particular variant after selection
to the frequency of that variant before selection, which is then normalized by the rate of change
for wild-type sequence and then log, transformed. Scores below 0 denote variants that are more
aggregation-prone that wild-type, whereas scores above 0 indicate that a variant has low

aggregation propensity.
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4.4  DISCUSSION

I have laid the foundational analyses for identifying the molecular determinants of aggregation.
By adapting a low-throughput, yeast-based assay to measure A variant effects in high-
throughput, I was able to quantitate the effects of ~350 single amino acid mutations on protein
aggregation propensity. I used these mutational effects to create a sequence function map, which
reveals information about positions and regions of AP sequence most important for protein
aggregation. Some AP} mutations are associated with disease, such as E22Q and D23N, which are
associated with cerebral AP angiopathy (137, 138). Other studies report these mutations rapidly
form fibrils, while our assay revealed only mild increase in aggregation relative to wild-
type(139). This difference in results could be due to other studies working with A 1-40, rather
than 42, in in vitro settings or high assay sensitivity. Nonetheless my sequence-function map can

be used as a lookup table for previously unobserved A mutations in humans.

The molecular effects of mutations of AP aggregation will likely vary at positions participating
in B-strand structure, turns and unstructured regions, and while many models of aggregate
structure exist, concordance in secondary structures among models is low. Thus, I aimed to
characterize regions of AP sequence with mutational effect patterns. Because polar and nonpolar
amino acid mutations are expected to maintain and disrupt -strands and consequently protein
aggregation, I will use these sets of amino acid types to probe AP sequence for B-strands. To
verify that polar and nonpolar amino acid mutations effect AP aggregation propensity as
expected, I surveyed the effects of all, polar, nonpolar and charged amino acids across sequence.
Next, I showed that AP positions cluster according to the hydrophobicities of the wild-type

amino acids. These results suggest that using polar and nonpolar amino acids to probe for -
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strands may be a viable approach to revealing AP secondary structure. This proposed future
analysis will offer a unique opportunity determine which models of AP aggregate structure best

support the aggregate structures forming in an in vivo system.

In an analysis on Clinvar and Exac mutations, I’ve showed that aggregation propensity scores
and disease-state are not directly correlated. This correlation could exist for two reasons. First,
many mutations associated with Alzheimer’s disease or other AB-opathies, effect the cleavage of
AP from the AP precursor protein (APP). Because our assay is agnostic to APP processing, such
effects will be missed and is a limitation of the experimental setup. Second, Alzheimer’s is a
very complex disease and the AP aggregation I measure may not be the underlying or only cause
of the disease. For instance, most evidence shows A oligomers to be the neurotoxic species,
however, I currently do not know the limits of our assay to detect oligomerization, fibril
formation and generalized aggregation product. Thus, additional assays focused on APP
processing should be applied to fully understand the relationship between A mutation and

disease.
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Chapter 5. OUTSTANDING QUESTIONS AND FUTURE LARGE-SCALE
MUTAGENESIS ANALYSES

5.1 COMPONENTIZING PREDICTIONS

Componentizing is a software concept that suggests systems should be developed as an assembly
of modular parts (140). For instance, instead of universal software, software is built of
components that can be deployed independently. This concept gained popularity as software
engineering transitioned from marginal to central across fields. In Chapter 3, I introduced
Envision, a predictor for the molecular effect of mutations on protein function. Upon Envision’s
conception, only a handful of large-scale mutagenesis datasets were available for model training.
Thus, it was not possible to train a variant effect model with the ability to predict specific protein
functions (e.g. binding decreased by 10%). However, since then, over 70 deep mutational
scanning datasets have been published and this rapidly amassing pool of data provides new

opportunities to train models to predict high-resolution.

To effectively train high-resolution predictors, I foresee applying component-based thinking to
model training. First, large-scale mutagenesis datasets will be categorized by assay type (e.g.
binding, stability, enzymatic activity). Second, unique predictors need to be trained for each
assay type. Third, stacked generalization, which is a machine learning technique, can be used to
combine models. Stacked generalization provides a way to combine predictors to yield an

ultimate prediction for mutational effect, but also retain high-resolution predictions.
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5.2 PREDICTING PATHOGENICITY

As observed in Chapter 3, Envision does not predict pathogenicity well. This is likely due to the
fact Envision was not trained to predict disease-associated mutations, but rather the quantitative
effects of mutations on protein function. A number of approaches could lead to an accurate
pathogenicity predictor. The first and easiest approach would be to combine Envision with a
state-of-the-art pathogenicity predictor. Naive Bayes and logistic regression are two available
methods for learning the thresholds from two predictors that best discern pathogenic from benign

mutations.

The relationship between mutational effect magnitude and pathogenicity is not known for every
protein. For instance, we do not know whether 50% or 20% decrease in protein activity of a gene
is enough to incur disease. Here, I propose a second approach that aims to learn the relationships
between quantitative protein function and pathogenicity. To do this, one could perform several
deep mutational scans on proteins highly mutated in the human population and associated with
disease. It should then be possible to identify how disruptive a mutation needs to be to cause
disease for each protein included in the study. Further analyses can reveal whether general
patterns govern the level of protein activity associated with disease and health. If general patterns
do exist, a machine-learning algorithm may learn how to draw cutoffs in large-scale mutagenesis
datasets to separate pathogenic from non-pathogenic mutations. If general patterns do not exist,
but instead each protein function has a unique relationship with disease, each protein will need to

be studied individually.
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5.3 USING ROSETTA TO WINNOW IN VIVO MODELS OF AGGREGATE STRUCTURE
Rosetta is a computational suite designed for modeling and analysis of protein structures. One
feature of Rosetta is its score function (141). Score functions in Rosetta are weighted sums of
energy terms, which represent electrostatics and van der Waals' interaction physical forces and
statistical terms like the probability of finding the torsion angles in Ramachandran space. In
Rosetta, low scores indicate more likely native structures than higher scores. As mentioned in
Chapter 4, many models of AP aggregate structure exist. Most models are based on in vitro
derived aggregates and solid-state NMR evidence, which paints a far-from-complete picture of
aggregate structure. Thus, it is not surprising that available models are highly diverse in tertiary
and secondary structure. I am interested in using my large-scale mutagenesis data to winnow
down the set of candidate in vivo aggregate models. To do this, I propose to compare my AP
aggregation scores to Rosetta energy scores for each available aggregate model. I expect for the
model most consistent with my data, to show the highest correlation between energy scores and

aggregation propensities.

The protein structure field has long known that evolutionary covariance or epistasis can be used
to identify contacting positions within or between proteins (142-145). Recently, a study revealed
that epistatic positions found in deep mutational scans of doubly and singly mutated variants can
also be used to identify pairs of positions that are proximal in a protein structure (146). My deep
mutational scan of AP contains ~33% of all possible double mutations and thus provides and
opportunity to identify pairs of candidate positions that may be in contact in AP} aggregate

structure. Ap models could be winnowed down by analyzing the candidate contact positions



within the context of each model of aggregate structure. The model that contains the most

candidate pairs of positions is the model that best reflects my aggregation propensity scores.

69
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Appendix 1 I curated large-scale mutagenesis data sets describing the effects of 34,373
mutations at 2,236 positions in fourteen proteins. To facilitate comparisons between each data
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set, I rescaled mutational effect scores for each protein by subtracting the median mutational
effect score of all synonymous mutations in that protein from each nonsynonymous mutational
effect score and then dividing that difference by the median of the bottom 1% of mutational
effect scores. (A) Stacked histograms of the original scores (left panel) and rescaled scores
(right panel) are shown. (B) Density plots of the scaled mutational effect scores for each amino
acid substitution are shown.
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Appendix 2 (A) The median effect of each substitution for every wild type amino acid is
presented in a heat map where substitutions with disruptive effects are shown in yellow and wild
type-like effects are shown in blue. (B) For each substitution and wild type amino acid pair, |
subtracted the median effect of all substitutions at positions with the wild type amino acid from
the median effect of the substitution at those positions. The differences between these medians
are shown in a heat map. A difference greater than zero, shown in red, denotes a substitution that
was more tolerated than the median substitution for that wild type amino acid, while a difference
less than zero, shown in blue, denotes a more disruptive substitution. I used hierarchical
clustering (linkage method: complete) on the median differences to cluster both the wild type and
mutant amino acids. C) The differences between medians, calculated as described for panel B,
are shown in violin plots. Each violin plot reveals the dependence of the effect of a substitution
on the identity of the wild type amino acid (labeled on the plot).
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Appendix 3 For each substitution, Pearson correlation coefficients were calculated for the
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correlation plot of these Pearson coefficients is shown. Color indicates the Pearson correlation
coefficient ranging from O (light brown) to 1 (green).
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Appendix 4 (A) For each amino acid substitution, the median mutational effect score was
calculated. The correlation between the median mutational effects for each substitution in
helices, strand and turns are shown in scatterplots, and Spearman’s Rho indicates the degree of
rank correlation within each scatterplot. (B) Pearson correlation coefficients were calculated for
the mutational effects of each substitution with every other substitution at every position. The
Pearson correlation coefficient plots are shown separately for a-helices (top), B-sheets (middle),
and turns (bottom). (C) Boxplots show the distribution of Pearson correlation coefficients for
each amino acid type in three structural contexts.
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Appendix 5 A mutational effect threshold was defined such that positions with a mutational
effect score below the threshold were classified as “interface,” whereas positions with a
mutational effect score above the threshold were classified as “non-interface.” ROC curves were
generated by varying this threshold for each amino acid type in the four proteins with protein or
DNA ligand-bound structures (hY AP65 WW domain, PSD95 pdz3 domain, Gal4 and BRCA1
RING domain (BARD1 binding)).
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Appendix 6 A mutational effect threshold was defined such that positions with a mutational
effect score below the threshold were classified as “interface,” whereas positions with a
mutational effect score above the threshold were classified as “non-interface.” A barplot shows
each amino acid substitution’s true positive rate (TPR) for detecting interface positions at a
fixed, 5% non- interface position false positive rate.
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Appendix B 2 A heatmap shows the Pearson correlation coefficient between descriptive feature
values and variant effect scores for each large-scale mutagenesis data set. Note, E3 ligase, and
BRCAI datasets are missing B factor and predicted change in solvent accessibility features and
also have low correlations between existing features and effect scores.
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Appendix B 3 Our hyperparameter tuning scheme is designed to generate generalizable models.
To determine the optimal values for each hyperparameter, I used a leave-one-protein-out cross-
validation approach. To begin, I collected large-scale mutagenesis data sets and annotated them
with features. Next, I created 8 training and validation dataset pairs; each training set contains
variants from 7 of 8 proteins and the validation set contains variants from the protein withheld
from the training set. Thus, each parameter set is being evaluated for its ability to predict a
protein unseen by the model. Then, I test a set of hyperparameters using all testing and validation
pair sets, and then update hyperparameters until all parameter values are evaluated. Once
completed, I identify the parameter set that yields the most generalizable model, i.e., performs

best on the left out protein’s variant data set.
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Appendix B 4 Training and testing data set RMSEs are very similar across iterations. While
training Envision, 5% of data was withheld to determine the performance of the model as each
tree was trained and added to the ensemble of decision trees. The plot shows the root mean
squared error (RMSE), otherwise known as the mean difference between observed and predicted
scores, for training and validation data. There is little difference between the RMSE of Envision
for training and testing data, which suggests that Envision is not over trained.
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Appendix B 5 Scatter plots show the correlation between leave-one-protein-out model
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Appendix B 6 Leave-one-protein-out models were trained either with normalized or non-
normalized variant effect scores. The barplots show Pearson’s (left) and Spearman’s (right)
correlation coefficients between observed variant effect scores and predicted variant effect scores
for the left-out protein from models trained using normalized (blue) or non-normalized (red)
scores. Overall, models trained on normalized variant effect scores predicted the left-out protein
variant effect scores best.
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Appendix B 7 Our leave-one-protein-out models compare favorably to SNAP2 and EVmutation
models. This barplot shows the correlation between predicted and observed variant effect scores

for each data set for SNAP2, EVmutation (epistatic and independent models) and our leave-one-
protein-out models. The x-axis shows the protein/domain withheld from training. Here, I observe
that our models outperform other predictors that our models have yet to see in training.
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Appendix B 8 Effect of hyperparameter tuning cross-validation procedure. These barplots show
the Pearson (left) and Spearman (right) correlations (y-axes) between predicted and observed
variant effect scores for the left-out protein for models trained with hyperparameters optimized
using a leave-one-protein-out cross-validation approach (blue). In this approach, at each round of
cross-validation a different protein was used for testing. A standard tenfold cross-validation was
also tested, where at each round of cross-validation a random 10% of variant effect scores were
used for testing (red). The x-axes show the protein or domain left out of the hyperparameter
tuning and model training procedures, which was used to evaluate model performance.
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Appendix B 9 Heatmaps show the correlation (Pearson’s R) between predictions from four
predictors for TP53 mutations arcoss mutant (A) and wild-type (B) amino acids. Darker red
denotes more accurate predictions, while white shows poor predictive performance.
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Appendix B 10. Envision, CADD, SIFT and PolyPhen2 were used to predict 9,028 pathogenic
and 402 benign mutations from the ClinVar database (https://www.ncbi.nlm.nih.gov/clinvar/).

Receiver operator characteristic (ROC) curves were generated for each model using the pROC
package in R. PolyPhen?2 predicted pathogenicity with the highest accuracy (AUC = 0.86, 95%
CI: 0.84-0.88) followed by CADD (0.85, 0.83-0.87), SIFT (0.84, 0.81-0.86) and then Envision
(0.72, 0.70-0.74). Confidence intervals were determined with 2,000 bootstrap replicates.
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Appendix B 11 The heatmap below shows the mean variant effect score for
each of the twenty amino acids across eight protein data sets. It is clear that
proline mutations are one of the most disruptive mutations to protein
function.
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Appendix B 12 A barplot shows the correlation between Envision predictions and observed
variant effect scores for each mutant amino acid in our training data. The mutant amino acid type
is shown on the x-axis.
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Appendix B 13 The leave-one-protein-out models I trained were used to predict their left-out
protein’s variant effect scores with one of three different feature sets. The barplots above show
Pearson’s (left) and Spearman’s (right) correlation coefficients between predicted variant effect
scores and observed variant effect scores for each of the left-out proteins. Black bars indicate that
all features were used during the prediction phase (i.e. the same data as Figure 3B). Pink bars
denote predictions made when all structural features for the left-out protein were masked. Blue
bars denote predictions made when all evolutionary conservation-related features were masked.
Structural features are identified in green in Figure 2D, and evolutionary features are identified

in blue in Figure 2D.
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Appendix B Table 1 Summary of large-scale mutagenesis datasets.

. Number of .
. . . Region Number of . . Selected . Replicate . R Structural
Name protein dms_id first_author PMID Year N d [o] " UniProt_ID  PDB_ID . Used in model?  Molecular function
mutagenized mutants N N p ype correlation folds
protein positions
TEM1 B- Ampicillin hydrolysis of lactam  Helix, sheet,
TEM1 B-lactamase lactamase Beta lactamase  Firnberg 24567513 2014 Full protein 5198 287 E. coli resistance P62593 1XPB YES antibiotics turn
Substrate
Yap65 (WW domain) Yap65 WW_domain Fowler 20711194 2010 WW domain 363 34 H. sapiens binding P46937 mMQ NA YES Protein binding Beta, turn
Ligand
PSD95 (Pdz3 domain) PSD95 PSD95pdz3  Mclaughlin 23041932 2012 PDZ3 domain 1577 83 Rattus norvegicus binding P31016 2BE9 NA YES Protein kinase bining  helix, sheet
Ubiquitin
Brcal (RING domain)- ligase Helix, sheet,
E3 ligase activity Brcal Brcal_E3 Starita 25823446 2015 RING1 domain 4872 303 H. sapiens activity P38398 1Im7 ~0.85 NO Many turn
Binding
Brcal (RING domain)- acivity Helix, sheet,
Bard1 binding Brcal Brcal_Y2H Starita 25823446 2015 RING1 domain 1748 102 H. sapiens (Y2H) P38398 1m7 ~0.85 NO Many turn
Aminoglycoside Aminoglycoside Antibiotic Kanamycin kinase  Helix, sheet,
kinase kinase kka2_1:2 Melnikov 24914046 2014 Full protein 5300 264 K. pneumoniae resistance P00552 IND4 0.88 YES turn
Ubiquitin
E4B (U-box Helix, sheet,
E4B (U-box domain) domain) E3_ligase Starita 23509263 2013 U-box domain 899 102 M. musculus Q9ESO0 2KR4 0.94 NO enzyme activity turn
Unfolded protein Helix, sheet,
Hsp90 Hsp90 hsp90 Mishra 27068472 2016 N/A 4021 219 S. cerevisiae P02829 2CG9 0.96 YES binding turn
Yeast ATP-dependent Helix, sheet,
Ubiqui Roscoe 23376099 2013 Full peptide 1249 75 S. cerevisiae growth rate  POCG63 3CMM 0.96 YES protein binding turn
mRNA Helix, sheet,
Pabl (RRM domain) Pab1l Pab1l Melamed 25671604 2013 RRM domain 1188 75 S. cerevisiae binding P04147 1cv) NA YES Poly-A binding turn
Yeast ATP-dependent Helix, sheet,
Ubiquitin - E1 activity Ubiquitin E1_Ubiquitin Roscoe 24862281 2014 N/A 1085 60 S. cerevisiae growth POCG63 3CMM 0.98 YES protein binding turn
Protein G (IgG 1gG-binding Streptococcus sp. group 1gG-Fc
domain) Protein G gbl Olson 25455030 2014 domain 1045 55 G binding P06654 1PGA 0.99 YES 1gG-binding helix, sheet
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Appendix B Table 2 Summary of descriptive features used to train gradient

boosted models.

Features Name Description Range/Categories Reference

AAL WT amino acid WT AA All possible AA NA

AA2 MT amino acid MT AA All possible AA + Stop codon NA

WT_Mut WT and MT Concatenation of WT and MT AAs All 420 possible AA combinations NA

AA1_polarity WT polarity Polarity of AA1 side chain hydrophobic, special, uncharged,+- http://www.imgt.org/IMGTeducation/Aide-memoire/_UK/aminoacids/abbreviation.htmlgrefs
AA2_polarity MT polarity Polarity of AA2 side chain hydrophobic, special, uncharged,+- http://www.imgt.org/IMGTeducation/Aide-memoire/_UK/aminoacids/abbreviation.htmlgrefs
AA1_PI WT pl Isoelectric point of AAL 3.22-9.74 http://www.imgt.org/IMGTeducation/Aide-memoire/_UK/aminoacids/abbreviation.html#refs
AA2_PI MY pl Isoelectric point of AA2 3.22-9.74 http://www.imgt.org/IMGTeducation/Aide-memoire/_UK/aminoacids/abbreviation.html#refs
deltaPl pl change Difference between WT and MT pl values (-6.52)-6.52 NA

Grantham Grantham Physicochemical distance between WT and MT AA 0-215 Grantham, R. Science (1974)

AA2_weight WT weight Molecular mass (Da) 75-204 http://www.imgt.org/IMGTeducation/Aide-memoire/_UK/aminoacids/abbreviation.html#refs
AA1_weight MT weight Molecular mass (Da) 75-204 http://www.imgt.org/IMGTeducation/Aide-memoire/_UK/aminoacids/abbreviation.html#refs
deltaWeight Weight change Difference between WT and MT weights (-192)-192 NA

AAlvol WT volume AA1 volume (A%) 60.1-227.8 Zamyatnin, A.A. Prog. Biophys. Mol. Biol (1972)

AA2vol MT volume AA2 volume (A%) 60.1-227.8 Zamyatnin, A.A. Prog. Biophys. Mol. Biol (1972)

deltavolume Volume change Difference between WT and MT volumes (-167.7-167.7) NA

B_factor B factor B/Temperature factor from X-ray crystallography 0-84.35 Kabsch, W. & Sander, C. (1983)

Accessi y Solvent accessi Number of water molecules in contact with this residue *10 0-238 Kabsch, W. & Sander, C. (1983)

dssp_sec_str Secondary structure Secondary structure B,E, G, H,S, T, None Kabsch, W. & Sander, C. (1983)

aal_psic WT likelihood AAL1 log likelihood ratio (-4.083)- (-0.596) Adzhubei et al. 2010

aa2_psic -5.621-(-0.807) Adzhubei et al. 2010

delta_psic Likelihood change -3.07 - 4.868 Adzhubei et al. 2010

phi_psi_reg Phi-psi Region of the Ramachandran map A, B, 1, L, None Adzhubei et al. 2010

delta_solvent_accessi Accessibility change Predicted change in solvent accessibility 0-2.92 Adzhubei et al. 2010

mut_msa_congruency MSA Substitution score maximum homology of the AA2 to all sequences in multiple alignment 0.044 - 47.42 Adzhubei et al. 2010

mut_mut_msa_congruency MT MSA Substitution ximum homology of the AA2 to the sequences in multiple alignment with the mutant resic 1.462 - 47.42 Adzhubei et al. 2010

seq_ind_closest_mut Homolog with MT Query sequence identity with the closest homologue deviating from the AA1 9.03-93.7 Adzhubei et al. 2010

evolutionary_coupling_avg Evolutionary coupling Mean evolutionary coupling score 0-0.11 derived from Hopf. et al 2017 evo couplings scores

Abbreviations: WT = wild-type, AA. amino acid, MT = mutant, H = a-helix B = residue in isolated B-bridge, E = extended strand, pa

icipates in B ladder, G = 3-hel

(310 helix), T = hydrogen bonded turn, S = bend
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Appendix B Table 3 Grid search values for hyperparameter tuning and final hyperparameter
values used to train Envision.

Tuning
round Hyperparameter Tested values Optimum
1 Maximum number of decision trees 10, 25, 50, 100, 250 50
Maximum tree depth 2,6,10, 25,50 6
2 Minimum number of observations in
terminal node of decision tree 2,6,10, 25,50 50
3 Loss reduction required to add another
branch to decision tree 0,0.1,0.2,0.3,0.4,0.5 0.5
Feature subsample proportion at each
4 iteration 0.6,0.7,0.8, 0.9 0.6
Variant effect score subsample
proportion at each iteration 0.6,0.7,0.8, 0.9 0.9
Increase iteration # 5-fold and reduce
5 learning rate from 0.1 to 0.01 to Trees = 250; Shrinkage =

compensate.

0.01
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Appendix B Table 4 Importance of each feature in Envision’s gradient boosted model.

Feature Importance Type

B factor 1347 Structural
Solvent accessibility 1299 Structural
Homolog with MT 1025 Evolutionary
WT likelihood 897 Evolutionary
Evolutionary coupling 839 Evolutionary
Likelihood change 628 Evolutionary
Accessibility change 536 Structural

MT likelihood 477 Evolutionary
MSA Substitution score 341 Evolutionary
Proline mutant 314 Physicochemical
Grantham 312 Physicochemical
WT weight 279 Physicochemical
Volume change 244 Physicochemical
WT volume 230 Physicochemical
WT pl 230 Physicochemical
Weight change 190 Physicochemical
MT weight 156 Physicochemical
MT volume 133 Physicochemical
Cysteine mutant 106 Physicochemical
MT pl 101 Physicochemical
Helix structure 99 Structural

pl change 93 Physicochemical
Beta strand structure 92 Structural

MT polarity 91 Physicochemical
WT polarity 77 Physicochemical

*Importance was determined by counting the number of times each feature
occurred in the Envision decision tree ensemble.
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