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Amino acid substitutions fuel molecular innovations across the tree of life, yet they also

underpin the majority of molecular, cellular, and organismal dysfunction. Delineating between

such disparate mutational outcomes is critical in fulfilling the promise of precision medicine and

harnessing the power of proteomics for understanding and engineering protein biology. In this

dissertation, I present experiments establishing modular and high-throughput proteomic methods

to characterize the effects of amino acid substitutions on protein structure and function en masse.

Specifically, I showcase Miro (Chapter 2), a proteomics platform that expands mutational scans

from single proteins to entire proteomes. I helped establish Miro in Saccharomyces cerevisiae

and, once established, I applied this technology to systematically probe the effects of

non-canonical amino acid (ncAA) substitutions on protein thermal stability (Chapter 3).

Specifically, I first developed a high-throughput thermal stability assay inspired by Thermal

Proteome Profiling and Proteome Integral Solubility Alteration. Using this streamlined method, I

then coupled it with eight mistranslated proteomes and quantified the effects of ~9000 ncAA



substitutions on the stability of >700 proteins. I computationally mapped substitutions back to

protein structure to reveal a significant role of local sequence contexts in shaping the impact of a

ncAA substitution. I also expanded my analysis to generate protein-specific mutational

sensitivity maps, which uncovered clusters of deleterious mutations close in both sequence and

three-dimensional space. Many of these clusters also overlapped with regions of known function,

highlighting how positional ncAA sensitivity can illuminate functional protein regions. I then

coupled this high-throughput stability assay with small molecules to map ATP binding sites

across the yeast proteome (Chapter 4). Lastly, I used TPP to identify substrates of the

SARS-CoV-2 protease, NSP5, in human cell lines (Chapter 5), by looking for changes in protein

stability that arise due to the expression of different NSP5 constructs (wildtype, catalytically

dead, or GFP only).
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Chapter 1. Sequence-function relationships

1.1 A revolution in protein biochemistry

Protein biochemistry is in the midst of a revolution. Structures for entire proteomes can be

predicted from amino acid sequence with the accuracy and resolution of crystal structures

(Jumper et al. 2021; Tunyasuvunakool et al. 2021; Leman et al. 2022; Baek et al. 2021);

missense variants can be accurately classified in silico as benign or disease-causing for many

disease genes (Frazer et al. 2021), and may soon aid clinical diagnostics; millions of mutant

proteins can be assayed in parallel to inform sequence-function relationships (Fowler et al.

2010) or to map the clinical effects of genetic variants (Findlay et al. 2018); cell signaling

dynamics can be quantified proteome-wide (Leutert et al. 2019; Needham et al. 2021;

Humphrey, Azimifar, and Mann 2015); the functions of post-translational modifications can be

accurately predicted (Ochoa et al. 2020); and synthetic molecular machines can be designed

from scratch (Courbet et al. 2022). Protein biochemistry is in the midst of a revolution, and is

transforming the world as we know it.

Technological developments in genomics and proteomics lie at the heart of this revolution. In

genomics, next-generation DNA sequencing (Shendure and Ji 2008) has lowered the cost of

sequencing by five orders of magnitude, enabling high-throughput genetic screens (Y. Zhou et

al. 2014), deep mutational scanning (Fowler and Fields 2014), multiplexed genetic engineering

(Wang et al. 2009), and high-throughput variant characterization (Fowler et al. 2010; Starita et

al. 2017). In proteomics, high-resolution mass spectrometers, many of which now fit on

laboratory benchtops, routinely acquire 10’s to 100’s of scans per second and quantify 100’s to

1000’s of peptides and proteins per minute (Bekker-Jensen et al. 2020). These advances in

1
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https://paperpile.com/c/5Gh8cO/W3g5
https://paperpile.com/c/5Gh8cO/d0Zn+U13P
https://paperpile.com/c/5Gh8cO/d0Zn+U13P
https://paperpile.com/c/5Gh8cO/sQjK


instrumentation have coincided with advances in sample multiplexing (Ong et al. 2002; J. Li,

Van Vranken, Pontano Vaites, et al. 2020), software (Kong et al. 2017; Schweppe et al. 2020),

and acquisition strategies (Ludwig et al. 2018; McAlister et al. 2014; Meier et al. 2018), with

impacts in drug development (Savitski et al. 2014; Perrin et al. 2020; Savitski et al. 2018),

post-translational modification (PTM) characterization (Smith et al. 2021; Potel et al. 2021;

Zecha et al. 2018, 2022; Bludau et al. 2021; J. X. Huang et al. 2019), and biomarker discovery

(Geyer et al. 2016, 2021). The convergence of genomics and proteomics technologies has

transformed protein biochemistry and is ushering in the age of high-throughput protein science.

1.2 The sequence-function paradigm

Central to high-throughput protein science is the protein sequence-function paradigm. The

sequence-function paradigm posits that protein sequences encode all the molecular information

needed to form protein structure and function. Much of the support for this relationship was

established throughout the 20th century, which cemented our understanding of some of the

most fundamental cellular processes in biology. For example, the structural elucidation of

aminoacyl-tRNA synthetases (aaRSs) enabled a mechanistic understanding of amino acid

discrimination and translational fidelity (Perona and Hadd 2012). Solving the structures of this

heterogenous protein family revealed general principles underlying amino acid discrimination,

spanning mechanisms of steric hindrance (Arnez, Dock-Bregeon, and Moras 1999), molecular

recognition of amino acid-specific chemical moieties in aaRS active sites (Cavarelli et al. 1998;

Delagoutte, Moras, and Cavarelli 2000), to the “double-sieve” editing of mischarged tRNA

products when the active site is more promiscuous (Fersht 1977; Fersht and Dingwall 1979;

Fukai et al. 2000). As a result of this basic understanding between aaRS structure and function,

scientists have gone on to engineer orthogonal translation systems for applications in protein

biochemistry and synthetic biology (Zimmerman et al. 2018; Berg et al. 2019; Cervettini et al.

2

https://paperpile.com/c/5Gh8cO/FkiM+Ko1X
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https://paperpile.com/c/5Gh8cO/8Txz
https://paperpile.com/c/5Gh8cO/nL9o
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https://paperpile.com/c/5Gh8cO/Wgf5+cTKx
https://paperpile.com/c/5Gh8cO/vayB+S5cQ+SLvc
https://paperpile.com/c/5Gh8cO/vayB+S5cQ+SLvc
https://paperpile.com/c/5Gh8cO/xMJr+Vhsr+arxy


2020).

However, relying solely on structural information to infer protein function is, in and of itself,

limited for several reasons. First, structure-and-function is not a one-to-one relationship; a

variety of structural solutions can exist for any given protein function (Galperin, Walker, and

Koonin 1998; Doolittle 1994). Most of the members of the serine protease family, for example,

share the serine-histidine-aspartate catalytic triad essential to their activities. Yet, different family

members have converged on this function during evolution, arriving at this endpoint with diverse

structural arrangements (Rawlings and Barrett 1993). Examples of convergent evolution can

also be found in other protein families, such as for some aaRSs (Perona and Hadd 2012) and

nucleotide exchange factors (Sondermann et al. 2001).

Second, protein structures are essential scaffolds for the evolution of new protein functions. As

a result, any given protein structure can give rise to a variety of novel functions. The family of

Hsp70 molecular chaperones, for example, is a highly-conserved protein family deeply rooted in

the tree of life whose structure and essential functions have remained (mostly) conserved, but

whose auxiliary functions have diversified as the family expanded (Faust et al. 2020; McCallister

et al. 2015). In some instances, proteins can acquire new functions without undergoing much

sequence change at all. As a fascinating example, crystallin proteins in the eyes of avian

species are closely related to several metabolic enzymes (Wistow and Piatigorsky 1987;

Piatigorsky and Wistow 1991), with some crystallins being identical to their metabolic

counterpart (G. J. Wistow, Mulders, and de Jong 1987). These structural and functional

conundrums complicate the structure-function paradigm. Identical functions can arise from

different protein structures, and proteins with the same structure can evolve dissimilar functions.

It was not until the second half of the 20th century that protein sequence emerged as an

3
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essential component to the structure-function paradigm. Through several fundamental

experiments with ribonuclease, Christian Anfinsen showed that a protein’s sequence was

enough to recreate a protein’s structure and function (C. B. Anfinsen 1973; C. B. Anfinsen et al.

1961, 1954), revealing their biological encoding in protein sequence. We are now seeing the

ramifications of this fundamental discovery come to fruition in the form of accurate structure

prediction from sequence alone (Jumper et al. 2021; Leman et al. 2022; Baek et al. 2021; Jiang

et al. 2016; Radivojac et al. 2013). Anfinsen’s discovery also played a monumental role in

bridging the gap between protein biochemistry and genomics. Genetic variation within coding

sequences now had a mechanistic basis for being “seen” by natural selection. Genetic variation

that altered amino acid sequence could be understood in the context of how those changes

affect the “native conformation” of a protein, its function, and, as a result, how those changes

impact organismal adaptation (Christian B. Anfinsen 1959). Unsurprisingly, comparative

genomics has discovered signals of protein structure and function embedded in the evolutionary

history of proteins (Socolich et al. 2005; Halabi et al. 2009; Süel et al. 2003; Cong et al. 2019).

The inclusion of sequence in the structure-function paradigm paved the way for high-throughput

protein science in the age of genomics.

1.3 Approaches to map sequence-function relationships

Since Anfinsen’s fundamental discoveries more than 60 years ago, two technological waves of

experimental approaches have emerged that empower scientists to map protein

sequence-function relationships. An important commonality between these waves was the

development of methods for (1) generating genetic diversity; and (2) sequencing and measuring

that diversity.

The first wave of technologies was the result of harmonizing site-directed mutagenesis,

4
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polymerase chain reaction (PCR), and Sanger sequencing. These technologies, which were

awarded Nobel prizes for their transformative nature, enabled scientists to introduce amino acid

substitutions in proteins with surgical precision. Novel mutagenesis applications soon emerged,

such as alanine scanning (Cunningham and Wells 1989), saturation mutagenesis (Zheng,

Baumann, and Reymond 2004), and amber codon suppression (Noren et al. 1989; Cornish,

Mendel, and Schultz 1995), which enabled scientists to probe protein sequence-function

relationships, direct the evolution of novel or enhanced protein functions, and explore the

site-specific effects of non-natural amino acid substitutions for the first time.

The second wave of technologies has been driven by next generation sequencing and an

expansion of methods to generate mutational libraries. Advances in high-throughput DNA

sequencing and synthesis have resulted in methods like deep mutational scanning (Fowler and

Fields 2014), which measures the function of thousands of mutant proteins per experiment

(Fowler et al. 2010; Faure et al. 2022). These methods allow the effects of missense variants to

be inferred by quantifying a variant’s frequency within a mutational library through experimental

time (i.e. pre-, post-selections), much like tracking allele frequencies through evolutionary time.

Several creative approaches to generate genetic diversity in vitro and in vivo have also emerged

(Wang et al. 2009; Hess et al. 2016; Ravikumar et al. 2018; Esvelt, Carlson, and Liu 2011;

Hanna et al. 2021; Sharon et al. 2018; Cirino, Mayer, and Umeno 2003; Plesa et al. 2018),

which, in-turn, have opened the door to new screening technologies that move beyond cell

growth and fitness, such as the use of microscopy (Hasle et al. 2020), cell sorting (Matreyek et

al. 2018), yeast two-hybrids (Starita et al. 2015), display technologies (Garrett et al. 2021).

Despite the huge success of these technologies in the last decade, many avenues still exist for

improving mutagenesis and screening technologies. For one, these technologies typically come

at the cost of proteome coverage (albeit, by design). Most workflows screen libraries composed

5
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of a single protein or protein domain (Melamed et al. 2013; Starita et al. 2015; Findlay et al.

2018), decreasing overall throughput and limiting the types of generalizations that can be made

to other protein functions or families. Second, many of the tried-and-true approaches infer the

effect of missense variants by linking the variant to cell or organismal survival. While linking

variant effects with fitness is relatively straightforward for proteins with essential functions,

non-essential proteins and functions require sophisticated selections that are, at times, limited in

their ease-of-portability across genes and experimental systems. Modular methods (i.e.

methods that can be coupled with different proteins with minimal change in experimental design)

have increased overall portability of these functional selections. For example, Variant

Abundance by Massively Parallel-sequencing (VAMP-seq) (Matreyek et al. 2018) is compatible

with any protein that remains soluble when fused with GFP at its N- or C-terminus. However,

even for a modular method like VAMP-seq, certain proteins are more compatible to the required

manipulations and modifications than others, and some deleterious variants may be masked by

confounding effects arising from tagging a protein with GFP.

More recently, complementary mutagenesis approaches have emerged that characterize

sequence variants across entire genomes (Després et al. 2020; Sharon et al. 2018; Hanna et al.

2021). While these methods improve scale, they are still limited to linking variant effects with

cellular or organismal fitness. Additionally, some of the more recent technologies rely on

promiscuous base editors, which can introduce a spectrum of substitutions at any given site.

This promiscuity presents an additional challenge of inferring, with accuracy, the most likely

genetic change at a locus that brought about the observed cellular-level phenotypic change.
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1.4 Mapping sequence-function relationships with mass

spectrometry (MS)

Mass spectrometry-based proteomics has the potential to complement many of the

genomics-based workflows presented above by supporting both the scale of variants tested

(from single proteins to multiple proteins) and the modularity of functional selections (classic

biochemical assays with minimal change in experimental design needed from protein-to-protein)

to map sequence-function relationships. First, mass spectrometers have advanced significantly

in the last decade, with state-of-the-art instruments routinely measuring hundreds to thousands

of proteins and protein variants (in the form of PTMs) within a sample in a single experiment

(Schweppe et al. 2020; Humphrey, Azimifar, and Mann 2015; Leutert et al. 2019). There is every

reason to assume current instruments are fast and sensitive enough to quantify the tens of

thousands of variants contained within a mutational library, just like they do for PTMs.

Second, several mass spectrometry-based methods already probe protein biophysics, protein

structure, and protein function at the scale of entire proteomes (Savitski et al. 2014; Feng, De

Franceschi, Kahraman, Soste, Melnik, Boersema, De Laureto, et al. 2014; Andre Mateus,

Savitski, and Piazza 2021). Unsurprisingly, these methods have recently been used to

characterize the effects of post-translational modifications on protein structure and function in

high-throughput (Smith et al. 2021; Potel et al. 2020; Zecha et al. 2018, 2022; J. X. Huang et al.

2019; Wu et al. 2020), which has illustrated the protein-specific and site-specific insights that

can be gained from multi-dimensional biochemical assays.

With that being said, mass spectrometry-based proteomics does have several intrinsic

constraints that make high-throughput variant characterization in conventional mutational
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libraries challenging (i.e. by conventional, I mean a library of single or double mutants for a

single protein). The predominant challenge is rooted in traditional “bottom-up” proteomic

workflows, which rely on enzymatic digestion of protein samples followed by detection of

peptides by liquid chromatography coupled to tandem mass spectrometry (LC-MS/MS).

While these methods are well-suited for samples with a diversity of proteins (i.e. an organismal

proteome), there are two major bottlenecks when applying these methods to large collections of

a mutant protein. First, in order to characterize a mutant protein, the peptide spanning the amino

acid substitution needs to be detected. However, not all peptides are observable to the same

degree. Some peptides are too short or too long; others ionize poorly or are of low intensity (due

a protein or mutant protein being low abundance, for example). This detectability problem

means that the coverage of a mutational library will be dependent on which stretches of amino

acid sequence within a protein are observable, placing an upfront constraint on library size and

design. Furthermore, peptide coverage is also protein dependent, making choice of protein an

additional constraint when using conventional proteomic workflows.

Setting aside the challenge associated with peptide detection, the second major limitation with

applying current proteomics methods to conventional mutational libraries is that, as the library

size increases (e.g. from >100 protein variants to >1000), there is a significant decrease in the

signal-to-noise ratio for the peptides of interest. The peptides containing any given amino acid

substitution, which are found in only one variant within the library, rapidly become the least

abundant peptides, with background peptides that are shared across all members in a library

outcompeting the peptide of interest. Exciting alternative approaches, such as “peptide

barcoding” (Egloff et al. 2019; Matsuzaki et al. 2021), have emerged as a solution to this

challenge. However, these approaches assume barcodes do not alter the underlying protein

phenotype being tested, which, from our own observations, is an assumption that still needs
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thorough testing and will likely vary from protein-to-protein. Additionally, these approaches are

not scalable to the entire proteome. Thus, additional technologies are needed that can map

sequence-function relationships at the scale of proteomes.

1.5 Organization of this thesis

In this dissertation, I describe the development of a novel mass spectrometry-based method to

map sequence-function relationships for entire proteomes. This technology was invented by Dr.

Ricard Rodriguez-Mias, and some of the experiments I showcase in Chapter 2 represent my

efforts to help establish the technology in yeast, which was done in collaboration with Ricard

and several members in the Villén, Fields, and Noble labs. These early experiments were

integral to the applications of this technology I present in Chapter 3 and Chapter 4. Lastly, in

Chapter 5, I describe an extension of some of the methods presented here to identify

endogenous substrates of the SARS-CoV-2 protease NSP5, which was done in collaboration

with Dr. Ian Smith and Dr. Mario Leutert. I finish in Chapter 6 with a broad overview of the state

of the field and exciting technological developments on the horizon.

1.5.1 A proteomics platform to characterize substitutions proteome-wide

The effects of amino acid substitutions on protein functions can be explored at depth for single

proteins, but can we expand these approaches to probe substitutions across many proteins

simultaneously? In Chapter 2, I described a method that leverages proteome-wide

mistranslation and biochemical selections with a mass spectrometry-based readout to

characterize the effects of amino acid substitutions across entire proteomes.
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1.5.2 Towards an atlas of substitution sensitivity in yeast

With the method from Chapter 2 in hand, the effects of amino acid substitutions across entire

proteomes can be probed in high-throughput. However, what kinds of information can be

gleaned from integrating substitution sensitivity across different mistranslated proteomes? In

Chapter 3, I discuss two developments in this area. First, I describe a high-throughput thermal

stability assay compatible with mistranslated proteomes that can determine the site-specific

effects of amino acid substitutions on protein thermal stability. This assay was a key

technological development that enabled scaling these functional selections to many

mistranslated proteomes, replicates, and conditions. Second, I apply this method to eight

mistranslated proteomes and identify patterns of residue sensitivity that uncover

sequence-function relationships across the yeast proteome.

1.5.3 Unmasking residue functions using secondary selections

The majority of amino acid substitutions I quantified in Chapter 3 did not significantly alter

protein thermal stability. Are most residues dispensable to structure and function? In Chapter 4,

I present data that suggest residue sensitivity to ncAA substitutions depends on molecular

contexts, and that adding additional selections helps unmask these sensitivities. I describe

experiments in Chapter 4 that illustrate how these methods can be coupled with small

molecules to identify small molecule binding sites, highlighting future opportunities to expand

the scope of secondary selections to reveal residue sensitivity.

1.5.4 A novel approach to identify protease substrates proteome-wide

Lastly, I showcase an application of these stability assays in combination with protein turnover to

identify substrates of proteases proteome-wide. This project was done in collaboration with
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fellow lab members and highlights some of our lab's efforts to use proteomic technologies to

better understand SARS-CoV-2 biology.
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Chapter 2. Mapping sequence-function relationships

across proteomes

This Chapter is based on the following preprint:

Proteome-wide identification of amino acid substitutions deleterious for protein function

Ricard A. Rodriguez-Mias#,1,*, Kyle N. Hess#,1,2, Bianca Y. Ruiz1, Ian R. Smith1, Anthony S.

Barente1, Stephanie M. Zimmerman1, Yang Y. Lu1, William S. Noble1, Stanley Fields1, Judit

Villén1*

1Department of Genome Sciences, University of Washington

2Graduate Program in Molecular and Cellular Biology, University of Washington

#equal author contribution

*corresponding authors

DOI: https://doi.org/10.1101/2022.04.06.487405

Author Contributions: This project was a joint collaborative effort between Ricard

Rodriguez-Mias (RRM) and Kyle Hess (KH). RRM invented Miro, which has been patented with

co-inventors Judit Villén and Stanley Fields. RRM made Figure 2.1. RRM generated, collected,

and analyzed the data in Figure 2.3. KH generated, collected, and analyzed the data presented

in Figure 2.4. KH generated and collected data for Figure 2.2, which was analyzed by both KH

and RRM. RRM and KH contributed equally to manuscript writing and figure generation.
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2.1 Summary

DNA sequencing has led to the discovery of millions of mutations that change the encoded

protein sequences, but the impact of nearly all of these mutations on protein function is

unknown. We addressed this scarcity of functional data by developing Miro, a proteomic

technology that uses mistranslation to introduce amino acid substitutions and biochemical

assays to quantify functional differences of thousands of protein variants by mass spectrometry.

We apply this technology to the proteome of yeast to reveal amino acid substitutions that impact

protein structure, ligand binding, protein-protein interactions, protein post-translational

modifications, and protein thermal stability. Adapting Miro to human cells will provide a means to

efficiently accelerate our mechanistic interpretation of genomic mutations to predict disease risk.

2.2 Introduction

Changes to protein sequences as a consequence of mutations in DNA can alter protein

structure and function, impact cellular and organismal physiology, and result in disease

(Shendure and Akey 2015). Thus, deciphering which amino acid substitutions have functional

consequences is a major focus of studies in biology, protein engineering, and medical genetics.

The predominant approach to determine the functional effect of a change to a protein sequence

has been mutagenesis followed by measurement of the resulting mutant protein’s function.

However, developments in genomics have accelerated the discovery of mutations such that

tens of millions of missense variants in the human genome need functional interpretation

(Karczewski et al. 2020; Lek et al. 2016; 1000 Genomes Project Consortium et al. 2015).

Traditional mutagenesis approaches are severely underpowered for this task, and even recent

high-throughput implementations, such as deep mutational scanning (Starita et al. 2017; Fowler

et al. 2010), assess the effect of mutations in only one protein per experiment. Considering the

~20,000 human genes and the vast proteome encoded by these genes, such mutational
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experiments would require an inordinate amount of time to characterize the missense variants

discovered to date.

To overcome this major bottleneck in genome analysis, we developed Miro, an approach to

introduce amino acid substitutions into proteins and assess their consequences on protein

function at a proteome-wide scale.  First, Miro leverages the permissive nature of aminoacyl

tRNA synthetases, which can incorporate closely related non-canonical amino acids (ncAAs)

during protein translation in living systems ranging from bacteria to human cells (Budisa 2006;

Richmond 1962; Cowie et al. 1959). Cells grown in the presence of ncAAs generate statistical

proteomes composed of thousands of protein quasispecies, each defined as a collection of

protein variants sharing most of their sequence, with the exception of the randomly introduced

ncAAs. Although similar to their cognate counterparts, ncAAs can introduce significant changes

to hydrophobicity, pKa, and secondary structure and thereby serve as a useful tool to probe for

positional sensitivity in protein sequences. Second, Miro applies a selection to statistical

proteomes to classify protein variants according to some biochemical property, such as the

ability to fold correctly into a soluble form or to interact with another protein. Third, Miro uses

mass spectrometry (MS) to quantify protein variants and assess differences in the biochemical

property for proteins with the ncAA vs. the native amino acid at each position, thereby

determining the functional tolerance of the substitution. Because of the global nature of ncAA

substitutions, the many biochemical properties that can be assessed, and the capacity of mass

spectrometry to quantify peptides, Miro has the potential to identify amino acid substitutions that

are likely to be deleterious at an unprecedented scale.

2.3 Results

2.3.1 Development of the Miro technology
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The overall scheme for Miro is shown in Figure 2.1 for a representative ncAA and biochemical

assay. A proline tRNA can be mischarged with a proline analogue, resulting in the random

incorporation of the analogue at proline codons and the generation of a statistical proteome

(Figure 2.1a). The statistical proteome is then subjected to a biochemical assay, e.g. a protein

affinity purification that separates mistranslated variants of a protein based on their ability to

bind to a tagged protein (Figure 2.1b). Following digestion of the proteins into peptides, mass

spectrometry quantifies the abundance of each peptide with a ncAA substitution relative to its

native version, before and after affinity purification (Figure 2.1c). Depletion of a peptide with a

ncAA substitution in the purified fraction indicates that the substitution impaired the

protein-protein interaction, while enrichment of a substituted peptide indicates that the

substitution enhanced the interaction.

Miro does not rely on modifications to the DNA or to the cellular translation machinery and thus

should be generalizable to in vitro translation systems and to many organisms and cell types,

including bacteria, yeast, and mammalian cells. Because the biochemical assays are carried out

on protein lysates, the toxicity of ncAAs towards the cells or translation system should have

minimal consequences on the ability to interpret the functional effects of substitutions.

2.3.2 Incorporation of ncAAs and properties of peptide containing ncAAs

To determine the feasibility of Miro, we first sought to identify ncAAs that both incorporate in the

proteome and slow down cell growth, an indication that the ncAA may alter protein function.

Additionally, ncAAs with fractional incorporation are ideal, so that individual protein variants

contain a small number of substitutions. We screened a panel of 26 ncAAs (Supplementary

Table 1) for toxicity and incorporation in S. cerevisiae by growing cultures in the presence of a

ncAA at one of eight different concentrations and assessing incorporation by mass spectrometry

for one or two of these concentrations (Methods). In total, 13 of these ncAAs inhibited yeast
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Figure 2.1. Overview of the Miro method.
A) Mistranslation with non-canonical amino acids (ncAAs) to generate protein variants. Non-canonical
amino acids are recognized by tRNA synthetases, charged onto their cognate tRNAs, and incorporated
randomly into proteins at cognate positions, alongside wild type amino acids, to produce a statistical
proteome. B) Functional enrichment of protein variants. The statistical proteome is subjected to a
biochemical selection assay to assess the impact of ncAA substitutions on protein function. One
example is an affinity purification assay in which protein variants with impaired binding to their partner
protein will be depleted from the enrichment output. C) Quantification of variants by mass spectrometry.
Mass spectrometry is used to determine the relative abundance of ncAA-containing peptides compared
to their wild type cognate versions to determine the incorporation of ncAA at a given position. A
comparison of ncAA incorporation before and after the functional enrichment can identify amino acid
positions that are functionally important (e.g., in this case for protein-protein interaction). Blue circles
represent wild type amino acid proline and yellow circles represent a ncAA analog of proline.
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growth by at least 25% (Figure 2.2a, Supplementary Figure 2.1). Assessing incorporation, 12

ncAAs showed greater than 2% incorporation in the yeast proteome (Figure 2.2b). Aromatic

amino acid analogues with single fluorine substitutions had the highest incorporation, likely due

to the conservative nature of the chemical change. We also found several analogues that were

toxic without appreciable incorporation, suggesting toxicity mechanisms unrelated to

mistranslation. Overall, this screen yielded a set of eight analogues that incorporate at one of

seven cognate amino acid positions and are toxic to cells. This set of ncAAs is usable for

functional selections in the Miro protocol.

Next, we assessed the measurability of peptides containing a ncAA substitution by liquid

chromatography coupled to tandem mass spectrometry (LC-MS/MS) by comparing their elution

profile and MS/MS fragmentation spectra to those for their matching wild type sequences in

LC-MS/MS runs of yeast mistranslated proteomes. Most ncAAs had minimal effects on peptide

chromatographic retention time (Figure 2.2c), and the observed effects were generally in line

with the chemical modification introduced by the ncAA. For example, replacement of hydrogen

atoms with fluorine tended to increase peptide hydrophobicity and lead to delayed elution

(Figure 2.2c analogues F2, W1, Y1), while the addition of hydroxyl groups had the opposite

effect (Figure 2.2c analogue W2). Furthermore, replacing proline with the 4-membered ring

analogue azetidine-2-carboxylic acid (azetidine) advanced elution, due to both decreased

hydrophobicity as a result of ring contraction and to a higher propensity towards the cis

configuration of the peptide bond (Figure 2.2c analogue P1, Supplementary Figure 2.2a-b)

(Kern, Schutkowski, and Drakenberg 1997; Tsai, Overberger, and Zand 1990). The retention

time shift of this substitution was dependent on peptide length, relative sequence position, and

neighboring amino acid (Supplementary Figure 2.2c-e).
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Figure 2.2. Toxicity and incorporation of ncAA and physicochemical
properties of misincorporated peptides.
A) S. cerevisiae growth curves in the presence of increasing amounts of the ncAAs azetidine (P1) and
5-fluoro-tryptophan (W1) to assess toxicity of non-canonical amino acids (full data in Supplementary
Figure 2.1). B) Incorporation of ncAA on the S. cerevisiae proteome. C) Violin plot showing retention
time differences between peptides containing ncAAs E1, F2, P1, P2, V3, or W1 and their wild type
counterparts. D) Violin plot showing Pearson correlations between MS/MS spectra for peptide
precursors containing ncAAs E1, F2, P1, P2, V3, or W1 and their wild type counterparts. E) Mirror
MS/MS plot for a charge 2+ precursor of peptide LVEGLANDPENK from Rps12. The spectrum at the
top corresponds to the peptide containing azetidine-2-carboxylic acid in place of proline and the bottom
spectrum corresponds to the wild type sequence. F) Distribution of P1 incorporation ratios at proline
sites on the S. cerevisiae proteome. Each data point corresponds to a measured peptide and is colored
according to the number of azetidine residues.
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Peptides containing ncAAs can be identified and the precise position of the substitution

localized within the peptide sequence using a similar analysis strategy to that for identifying

post-translational modifications, i.e. by allowing a defined mass shift from the protein sequence

database on the precursor and some of the fragment ions. This strategy allows us to assess

ncAA substitutions at a positional resolution of a single amino acid. MS/MS spectra for wild type

peptides and peptides containing a single ncAA substitution were similar, as shown by the high

spectra correlations (Figure 2.2d) and direct spectra comparison for a representative

proline-containing peptide (Figure 2.2e). These similarities indicate that peptide pairs can be

reliably quantified and compared at both the full MS and the MS/MS levels.

Finally, in order to accurately quantify ncAA incorporation, we implemented a pulsed-labeling

strategy in yeast whereby isotopically-heavy lysine was added to growing cultures at the same

time as the ncAA of interest. This strategy mitigates experimental variability due to the chronic

toxicity of the ncAA and improves estimates of incorporation ratios across the proteome,

specifically by labeling proteins that were synthesized after yeast were exposed to the ncAA. To

test this approach, we quantified azetidine incorporation in the yeast proteome. Azetidine

incorporation was quantified for 2,112 unique peptides containing one or more proline residues

across 789 proteins. Observed incorporation ratios were relatively uniform, with a median

incorporation of 10.5% and interquartile range between 5.9 and 18.4%, suggesting that

incorporation in yeast is stochastic in nature and, as expected, that the lowest incorporation

corresponds to peptides with multiple azetidine substitutions (Figure 2.2f).

Together, we show that eight ncAAs, when individually added to growth media, were toxic and

incorporated stochastically into the yeast proteome by mistranslation. Generally, peptide pairs

with and without the ncAA showed similar elution and fragmentation in LC-MS/MS analysis.

These results demonstrate the feasibility of the mistranslation approach with ncAAs to assess
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the functional impact of amino acid substitutions at the scale of the whole proteome.

Additionally, because mass spectrometry measurements on Miro are carried out at the peptide

level, the impact of substitutions can be assessed at the site level, with the peptides containing

a ncAA collectively reporting for all the protein variants containing the ncAA at that site, whereas

its wild type peptide counterpart reports for all the variants that do not have the ncAA at that

site.

2.3.3 Effects of substitutions on protein function

We next decided to explore the impact on aspects of protein biology of azetidine mistranslation,

given its reported proteotoxic effects (Fowden and Richmond 1963), efficient incorporation into

the yeast proteome (Figure 2.2b), and ability to alter protein secondary and tertiary structure

(Tsai, Overberger, and Zand 1990; Baum et al. 1975). We applied Miro with azetidine to four

functional readouts: i) the ability of an in vitro translated protein to fold and interact; ii) the ability

of yeast ribosomal proteins to assemble into the ribosome; iii) the post-translational modification

of yeast proteins; and iv) the thermal stability of the yeast proteome.

2.3.3.1 Effects of azetidine substitutions on protein structure and

interactions

For our initial assay, we applied azetidine to a mammalian in vitro translation system

synthesizing a protein construct composed of three binding modules: a glutathione

S-transferase (GST) domain, a human influenza hemagglutinin (HA) tag, and a polyhistidine

(His) tag (Figure 2.3a). We reasoned that this model system would allow us to maximize proline

site coverage and assess overall protein folding and interactions in an affinity purification assay,

while largely eliminating potential bias due to degradation or toxicity.
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Figure 2.3. Functional impact of azetidine-2-carboxylic acid incorporation.
A) Orthogonal affinity purifications of an HA- and His-tagged glutathione-S-transferase construct that
has been mistranslated with azetidine (P1) in a cell-free mammalian in vitro transcription and
translation system. B) Relative incorporation of azetidine at proline sites for the three purifications
indicated in panel A. C) Surface and cartoon representation of a GST dimer (PDB:1Y6E) showing
proline sites with the highest depletion of azetidine in red. D) Boxplot showing incorporation of azetidine
at proline sites for the whole yeast cell lysate (WCL) and for the Rpl16B pulldown eluate (PD). Median
incorporation rates across replicates per site are shown, and peptides are  grouped by fraction and
protein of origin (ribosomal or non-ribosomal). The total number of quantified sites per group was:
non-ribosomal_PD n=29, non-ribosomal_WCL n=563, ribosomal_PD n=20, ribosomal_WCL n=55 and
p-values for group comparisons are computed using a two-sided Wilcoxon test. E, F) Structural context
of two proline sites where azetidine incorporation appears as significantly depleted upon ribosome
purification: Rpl33B Pro25 (E) and Rpl14A Pro49 (F). The ribosome is shown as surface
representation, ribosomal proteins of interest as cartoons (PDB: 4V6I), and relevant proline sites in red.
G) Boxplot showing azetidine incorporation into proline positions for the yeast proteome and
phosphoproteome. Median azetidine incorporation across replicates  is displayed,  and peptides are
grouped according to the presence of SP, TP or other sequence motifs. Total number of sites quantified
for proteome are: (SP motif: n=118, TP motif: n=134, Other: n =1426) and phosphoproteome: (SP
motif: n=141, TP motif: n=41, Other: n=488) respectively; and p-values for group comparisons are
computed using a two-sided Wilcoxon test.   H) Volcano plot displaying azetidine incorporation at
proline sites in phosphopeptides relative to their non-phosphorylated counterparts. A t-test was applied
to azetidine incorporation rates across replicates for phosphorylated peptides and their
non-phosphorylated counterparts (n=40), and p-values were adjusted for multiple hypothesis testing
using the Benjamini-Hochberg method.
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In vitro translation was carried out in the presence of an azetidine excess so as to compete with

the proline present in the reaction mixture. We carried out three distinct affinity purifications: a

denaturing purification against the histidine tag to assess azetidine incorporation at proline

positions throughout the protein, and native affinity purifications against GST and against the HA

tag to assess the impact of proline-to-azetidine replacement on the ability of the protein to fold

into a native structure (both native purifications) and to interact with its ligand glutathione (only

the GST affinity purification) (Figure 2.3a). Using targeted mass spectrometry, we obtained

quantitative information for 11 of the 17 proline sites in the sequence, and calculated intensity

ratios between the azetidine-containing peptides and their corresponding wild type forms across

all purifications (Figure 2.3b).

Azetidine incorporation ratios observed in the denaturing purification were uniform across

proline positions at ~10% (Figure 2.3b, Supplementary Dataset 1), validating that ncAA

misincorporation in an in vitro translation system is largely unbiased. Native purifications, on the

other hand, featured several proline positions that were significantly depleted of azetidine,

particularly positions located within the GST domains (Figure 2.3b). This depletion is indicative

of azetidine-induced misfolding, which can lead to insolubility prior to an affinity purification.

Even though the two native purifications shared similar trends, azetidine depletion generally

seemed more pronounced in the GST affinity purification (Figure 2.3b), with a few site-level

differences where azetidine depletion was even more pronounced in the GST purification

(Figure 2.3b).

Thus, the substantial depletion of azetidine at proline 119 in our construct for both purifications

is likely the result of its location at the start of the α-helix 4 in the GST C-terminal subdomain.

The α-helices 4 and 5 participate in a hydrophobic lock and key arrangement with the other GST

monomer (Sayed, Wallace, and Dirr 2000), driving the dimerization and crucial to the overall fold
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(Figure 2.3c). Conversely, the more extreme depletion of azetidine at proline 49 in the GST

purification is likely due to the fact this residue plays an important role in scaffolding the

glutathione-binding interface (Figure 2.3c). Indeed, proline 49 in our construct is located at the

N-terminus of α-helix 1 opposite to β-sheet 1 and the conserved catalytic tyrosine residue and

mutations at these sites can severely affect glutathione binding (Manoharan et al. 1992).

Prolines 86 and 89 are also located in the glutathione binding interface; they were, however, not

very sensitive to azetidine substitution. Interestingly, the least affected position was proline 89,

perhaps due to the fact that its peptide bond adopts a cis conformation.

2.3.3.3 Effects of azetidine substitutions on protein interactions

We next asked whether Miro could identify amino acid positions that are important for the

assembly of proteins into a large complex, the ribosome. The yeast cytosolic ribosome is

composed of 79 different proteins that assemble with four ribosomal RNAs into a large and a

small subunit. We grew S. cerevisiae in the presence of azetidine to obtain 5-10% incorporation

across the proteome, lysed the cells in native conditions, and affinity-purified the ribosome using

an epitope-tagged version of the Rpl16B protein. We analyzed protein mixtures in the whole cell

lysate and the ribosome-purified samples to quantify azetidine at each proline position.

We identified over 1200 proteins across two or more replicates. As expected, the Rpl16B

pulldown eluate was highly enriched in ribosomal proteins, which contributed almost half of the

signal for these samples. This eluate also captured a large fraction of ribosome-associated

proteins, as evidenced by Gene Ontology enrichment analysis (Supplementary Figure 2.3).

In the whole cell lysate sample, we observed lower azetidine incorporation in ribosomal proteins

compared to non-ribosomal proteins (p-value=0.0024) (Figure 2.3d). Azetidine in ribosomal
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proteins was further reduced in the purified ribosome fraction (p-value=0.035) (Figure 2.3d),

suggesting that in most cases azetidine disrupts ribosomal protein interactions. We identified

several proline sites on proteins of the 60S ribosomal subunit with a two-fold depletion of

azetidine after pulldown: Rpl33B Pro25 (BH-adjusted p-value=0.014), Rpl14A Pro49

(BH-adjusted p-value=0.021) and  Rpl4A P329 (BH-adjusted p-value=0.014). Rpl33B Pro25 is

located on the loop connecting strands β1 and β2, which extensively contacts the 25S rRNA

(Figure 2.3e). Similarly, Rpl14A Pro49 is located in the turn that connects the β3 and β4 strands,

which interact with both 25S rRNA and Rpl20A (Figure 2.3f). Finally, Rpl4A P329 mediates a

helix-turn-helix motif at the C-terminal extension region, which has been shown to facilitate

ribosomal recruitment (Stelter et al. 2015).

2.3.3.4 Effects of azetidine substitutions on protein post-translational

modifications

Amino acid substitutions in a substrate protein can affect the ability of modifying enzymes to

recognize and catalyze a post-translational modification. We sought to determine whether Miro

could be used to identify positions in which a ncAA substitution altered the phosphorylation

levels of the protein. In addition to its prominent role in protein structures by forming β-turns,

proline is an important residue for recognition by kinases in the CMGC group. These kinases,

which include cyclin-dependent kinases (CDKs) and mitogen-activated protein kinases

(MAPKs), require a proline at the +1 position of the phospho-acceptor serine or threonine.

Therefore, we reasoned that proline substitutions may impact the phosphorylation of SP and TP

short linear motifs. To test the effect of such substitutions, we grew S. cerevisiae in the presence

of azetidine to obtain 5-10% incorporation at proline positions across the proteome.
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We measured the content of azetidine at proline sites for whole cell lysate peptides and

immobilized metal affinity chromatography (IMAC)-enriched phosphopeptides. Globally, we

found that phosphopeptides with a Pro at position +1 to Ser or Thr showed significant depletion

of azetidine (Figure 2.3g). Prolines in other sequence positions relative to a phosphorylated

amino acid were not affected by azetidine substitution (Figure 2.3g).

For 91 proline-containing peptides, we were able to quantify azetidine incorporation in both their

phosphorylated and non-phosphorylated forms (Figure 2.3h) across multiple replicates. Similar

to the global trends, the most significantly depleted azetidine incorporations occurred at

phosphorylation sites on [S|T]P proline-directed motifs. These instances map to unstructured

and readily accessible protein regions, which suggests that azetidine incorporation alters the

cis/trans peptide bond conformation balance and likely affects the recognition by kinases or

phosphatases (X. Z. Zhou et al. 2000).

2.3.3.5 Effects of azetidine substitutions on protein stability

Lastly, we assessed whether Miro could measure the site-specific effects of ncAA substitutions

across an entire proteome. As a proof of concept, we measured the impact of

proline-to-azetidine substitutions on protein thermal stability in the S. cerevisiae proteome. To do

this, we generated a statistical proteome with 5-10% azetidine incorporation in proline positions

and implemented thermal proteome profiling (TPP) (Savitski et al. 2014), a proteomics assay

that measures protein thermal stability of thousands of proteins by mass spectrometry. We

adapted TPP to produce and compare site-specific thermal denaturation curves for protein

variants with and without ncAA substitutions (Figure 2.4a).
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Across two replicates, we identified 1,506 azetidine-containing peptides mapping to 700 yeast

proteins, with 660 of these peptides detected and quantified in duplicate in 276 yeast proteins

(Supplementary Figure 2.6a). After stringent filtering (see Methods), we measured changes in

stability for 465 unique azetidine substitutions across 203 proteins (Figure 2.4b). On average,

replacing proline with azetidine had a mild destabilizing effect on protein thermal stability (Figure

2.4c, mean ΔAUC = -0.5 ± 2.9, p-value = 1e-4, two-sided t-test). In total, 43 azetidine

substitutions significantly altered melting behavior (permuted non-parametric analysis of

response curves (Childs et al. 2019), Benjamini-Hochberg corrected p-value < 0.01), most of

which were destabilizing (30 destabilizing vs. 13 stabilizing) (Figure 2.4c).

We next analyzed several site-specific structural and evolutionary features for each proline

residue where we detected an azetidine substitution in order to understand why azetidine

incorporation was destabilizing (D), stabilizing (S), or non-significant (NS). We found that proline

residues across all major structural elements (coils, helices, strands, turns) and disordered

regions were sensitive to azetidine, although substitutions in β-sheets were generally more

destabilizing compared to coiled regions and turns (Supplementary Figure 2.4c). We also found

that destabilizing substitutions occurred at proline residues with lower solvent accessible

surface area (Figure 2.4d, Wilcoxon rank-sum test, p-value = 0.023), and these same sites were

predicted to be more sensitive to natural amino acid substitutions (predictions of ∆∆G from

mutfunc database (Wagih et al. 2018); Wilcoxon rank-sum test, p-value = 0.0038, Figure 2.4e),

suggesting that these proline residues may be intolerant to most amino acid changes. Lastly, an

unexpected finding was that azetidine sensitivity was not correlated with the evolutionary

conservation of proline residues (Supplementary Figure 2.4c). Taken together, these data

suggest that the effect of azetidine may depend less on broad structural features shared across

the proteome, and more on local structural and functional contexts specific to each protein.
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Next, we asked whether we could identify functional amino acid residues by mapping the effects

of azetidine substitutions back to protein structure. We focused on the essential glycolytic

enzyme phosphoglycerate kinase-1 (Pgk1), due to its high coverage in our dataset (9 of the 17

possible proline-to-azetidine substitutions) and range of azetidine effects (mean ΔAUC = -1.64 ±

1.40; Figure 2.4f). Most substitutions had an effect on Pgk1’s stability (6 out of 9 azetidine

substitutions significantly destabilizing Pgk1; Figure 2.4f). Mapping these positions back to

Pgk1’s structure reveals slight differences among Pgk1’s domains. Three of the most

destabilizing substitutions (azetidine incorporation at Pro45, Pro79, or Pro407) fall in and around

the 3-phosphoglycerate-binding domain (Figure 2.4g). Conversely, the nucleotide-binding

domain contains a mix of destabilizing and neutral substitutions, with two destabilizing

substitutions falling directly in Pgk1’s nucleotide-binding pocket (Pro337, Pro338) (Figure 2.4h).

Pro205, which has been functionally implicated in Pgk1’s catalytic cycle(McHarg et al. 1999),

was unexpectedly tolerant to azetidine (Figure 2.4i). Interestingly, this proline adopts a cis

conformation in several Pgk1 crystal structures from different species (Figure 2.4i). Additionally,

replacing Pro205 with histidine or phenylalanine, which locks the trans-conformation, has been

shown to decrease Pgk1 stability (McHarg et al. 1999). This result suggests that Pro205 may be

tolerant to proline-like analogues that maintain the cis conformation, such as azetidine, and

more generally that other cis-conforming proline residues across the proteome may tolerate

these types of substitutions (Supplementary Figure 2.4c).

We also show that Miro can help pinpoint structural elements or regions within proteins that play

an important role in protein stability. For example, we found a cluster of destabilizing

proline-to-azetidine substitutions within the glycolytic enzyme phosphoglycerate mutase-1

(Gpm1) that all fell within a stretch of four consecutive proline residues (Supplementary Figure

2.5a). These four residues are all in trans conformation, forming a polyproline-II helix

(Supplementary Figure 2.5a). Azetidine incorporation into polyproline peptides has been shown
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Figure 2.4. Impact of azetidine substitutions on protein thermal stability.
A) Thermal proteome profiling workflow implemented with mistranslated yeast lysates. B) Total number
of unique proline-to-azetidine substitutions and total number of proteins with at least one quantified
azetidine substitution. C) Left: Distribution of melting curve differences between peptides containing
azetidine and matching wild type peptides. Right: Scatterplot showing the relationship between areas
under the melting curve (AUC) and the effect of azetidine on protein stability. Substitutions that
significantly alter thermal stability (BH-adjusted p-value < 0.01) are colored in yellow (stabilizing) or
blue (destabilizing). D) Relationship between the stability effects of proline-to-azetidine substitutions
and proline surface accessibility (Destabilizing: n=25; Non-significant: n=364; Stabilizing: n=9). Listed
p-values are computed from Wilcoxon rank-sum test. E) Relationship between the stability effects of
proline-to-azetidine substitutions and the predicted ΔΔG of natural substitutions at the same prolines
(Destabilizing: n=17; Non-significant: n=135; Stabilizing: n=2). Listed p-values are computed from
Wilcoxon rank-sum test. F) Structural representation of Pgk1 showing the stability effects of
proline-to-azetidine substitutions. Proline residues with an asterisk are statistically significant
(BH-adjusted p-value < 0.01). G-I) Melting curves for Pgk1 residues of interest from panel F classified
as destabilizing subsitutions in the 3-phosphoglycerate binding domain (G), destabilizing substitutions
in the ATP binding pocket (H), and conserved cis-proline (I).
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to influence the cis/trans conformation of the entire helix(Tsai, Overberger, and Zand 1990).

While this stretch of prolines has not been previously implicated in Gpm1 stability or function,

our data suggest this conformationally-rigid polyproline region is important for Gpm1 stability,

and any transition towards a polyproline-I helix (all cis) may be detrimental.

Taken together, these data illustrate how patterns of stability-altering ncAA substitutions within a

protein reveal residues and regions important for structure and function. Increasing the depth of

substitutions covered in these assays and mistranslating with a variety of ncAAs will bring us

closer to interpretable positional sensitivity maps for each protein in the proteome.

2.4 Discussion

Miro is a technology that harnesses mistranslation to produce protein variants en masse and

mass spectrometry readouts to functionally annotate the consequences of amino acid

substitutions on protein function. Using mistranslation with the ncAA azetidine-2-carboxylic acid

as a proof of concept, we demonstrate that Miro can identify residues important for protein

folding, interaction, and stability.

Mistranslation with ncAAs does not require genetic manipulation. We report a set of ncAAs that

incorporate into proteins and can be used in Miro to identify positions that are highly sensitive to

substitution. Some amino acids allow for the incorporation of a variety of ncAAs with diverse

chemical changes, which should help to interpret the functional consequences of substitutions.

For instance, experiments exploring multiple proline analogues with different cis/trans

propensities can illuminate protein positions that are sensitive to the conformational context

versus general sensitivity to any amino acid substitution.
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Miro should be extensible to natural amino acid substitutions by altering the cellular translation

machinery to either enhance naturally-occurring mistranslation (Schwartz and Pan 2017) or to

produce tailored substitutions, for example, by the use of engineered tRNAs (Berg et al. 2019;

Zimmerman et al. 2018). Additionally, the same high throughput mass spectrometry assays

developed and implemented in Miro could be used to characterize and functionally annotate

variant libraries generated for deep mutational scanning experiments (Fowler et al. 2010).

Similar to other discovery-type mass spectrometry proteomics approaches, Miro does not

achieve complete sequence coverage due to sample complexity and the wide range of peptide

abundances. In the case of Miro, this limitation is further amplified by the low incorporation of

ncAAs necessary to facilitate data interpretation. However, sample enrichment strategies,

targeted mass spectrometry acquisition approaches, and future instrumentation improvements

should help in the detection of substitution sites and alleviate the coverage issue.

Miro is cost effective, scalable to most types of amino acids, and versatile with respect to the

model system in which it can be employed. In this work, we have shown application in yeast and

in vitro translation reactions; however, we have also screened a subset of these amino acid

analogs in E. coli and observed similar rates of toxicity and proteome-wide mistranslation. We

expect the method to also be adaptable to cultured mammalian cells.

Lastly, Miro is versatile in terms of the protein biochemical properties and functions that can be

probed. We have assessed the effects of azetidine substitutions on protein folding, interactions,

modifications, and thermal stability, but Miro can readily be extended to assay protein

aggregation, enzymatic activity, small molecule binding, and subcellular localization. Further

development of Miro with an expanded suite of non-canonical amino acids and the use of
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engineered tRNAs to carry out natural substitutions will enable the generation of proteome-wide

mutational sensitivity maps for human proteins. As companions to genome sequencing efforts,

these maps should allow us to interpret the clinical significance of millions of mutations in the

human genome. Furthermore, from the standpoint of protein science, Miro will underpin efforts

towards detailed sequence-function relationships, enabling the rational design of proteins,

including those with enhanced properties for pharmaceutical and biotechnological applications.

2.5 Methods

2.5.1 Amino acid analogue toxicity screen and incorporation tests.

S. cerevisiae strain BY4741 was grown in duplicate overnight in minimal media supplemented

with +Ura, +Leu, +Met, +His, 2% glucose at 30oC, diluted into fresh media to a final OD of 0.1,

and grown for two additional doublings. At OD of 0.4, cultures were diluted 1:1 in a 96-well plate

containing fresh minimal media and a ncAA of interest at one of eight concentrations. The ncAA

concentrations used were 2-fold serial dilutions from a starting concentration of 1000 µg/ml (F1,

L3, M2, M3), 500 µg/ml (A1, A2, F2, F3, I1, L2, M1, P2, P3, P4, Q1, V2, V3, W2, W3), or 250

µg/ml (D1, E1, P1, R2, W1, Y1, Y2). Optical density of cultures was monitored for 18 h in a

temperature-controlled plate reader (BioTek) measuring OD660 every 15 min.

To assess analogue toxicity, we measured the area under the growth curve (AUC) and

established relative toxicity to a control growth curve present in each plate. To do this, we first

took the average OD660 readings from each time point collected for growth curves. We then

scaled growth curves between different plates by subtracting the very first OD reading for each

growth curve. We then calculated AUC by summing up all the OD readings for each individual

condition (i.e. analog, concentration). To assess the effect of analogue treatment on relative
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growth during this time window, we then divided the AUC values for each condition by the AUC

for the control, untreated condition.

Collected growth curves were then used to select ncAA concentrations for incorporation

analysis. For ncAAs that showed dose-dependent changes in cell growth, we qualitatively

selected an analogue concentration around the IC50. For ncAAs that were non-toxic, we chose

either 500 µg/mL or 1000 µg/mL. In order to assess incorporation, a single replicate of yeast

was grown in 20 ml of minimal media (+Ura, +Leu, +Met, 2% glucose) at 30oC to OD 0.2 at

which point both heavy lysine and a ncAA were added to the culture. One exception were

cultures exposed to P1, where we assessed incorporation in synthetic complete media (2%

glucose) to guide downstream experiments with this analog. Cultures were harvested at OD 1.0

by centrifuging cultures at 2,850 x g and 4°C for 10 min. Cell pellets were resuspended in

ice-cold sterile water, pelleted at 10,000 x g and 4°C for 10 min, snap-frozen in liquid nitrogen,

and stored at -80°C until cell lysis and sample preparation. One biological replicate was

collected for each analog tested. For each analog, we estimate percent incorporation by dividing

the number of ncAA-containing peptide-spectrum matches (PSMs) identified in a run and

normalizing by the total number of PSMs that could have containing the ncAA substitution (i.e.

number of ncAA-containing PSMs plus number of wild-type PSMs containing the cognate amino

acid).

Yeast strain BY4741 was grown in lysine drop out synthetic complete media (SC -Lys) at 30oC

to OD600 0.2, at which point U-13C,15N-lysine (heavy lysine, K8) proline analogue

azetidine-2-carboxylic acid was added at 90-100 µg/ml. Cells were harvested at OD600 1.0 by

centrifuging cultures at 2,850 x g and 4°C and decanting growth media. Three replicate pellets

were resuspended in ice-cold sterile water and pelleted again at 10,600 x g at 4°C. Cell pellets

were snap-frozen in liquid nitrogen and stored at -80°C until cell lysis.
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2.5.2 Azetidine-2-carboxylic acid incorporation into in vitro translated

protein and pulldown.

Mammalian in vitro translation system (Thermo Fisher Scientific IVT Kit #88330) was used to

synthesize GST-HA-His protein as described by the manufacturer. Briefly, HeLa cell lysate,

reaction mix and accessory proteins were supplemented with pT7CFE1-CGST-HA-His vector,

1mM L-lysine, 1mM L-arginine, protease inhibitors (complete mini EDTA-free, Roche), and 16

mM azetidine-2-carboxylic acid. Reaction proceeded for 8h at 30°C.

In vitro translated protein was purified over 20 µL of anti-HA agarose beads (Sigma-Aldrich),

glutathione agarose beads (GoldBio) , or 50 µL of Co2+-NTA beads (GoldBio). Binding was

done in 50 mM Tris buffer pH 8.2, 120 mM NaCl, and elution with 100 mM glycine pH 2.5 and

20 mM glutathione, respectively. Co2+-NTA purification was carried out in 50 mM Tris, pH 8.2,

120 mM NaCl, 8M Urea buffer, and eluted with 300 mM imidazole. Purified protein was reduced

with 5 mM DTT for 30 min at 55°C, alkylated with 15 mM iodoacetamide for 30 min at RT, and

quenched with 15 mM DTT for 15 min at RT. LysC digestion was carried out at a 1:50

enzyme/protein ratio for 2 h at 37°C and pH 8.9. Digestion was quenched with 1% TFA and

peptides were desalted over C18 stage tips prior to LC-MS/MS.

2.5.3 Cell lysis, protein reduction, alkylation, and digestion

Frozen cell pellets were thawed on ice and resuspended in lysis buffer (50 mM Tris pH 8.2, 75

mM NaCl, 8 M urea, 50mM β-glycerophosphate, 1 mM sodium orthovanadate, 10 mM sodium

pyrophosphate, 50mM NaF, protease inhibitor (complete mini Roche, 1 tablet/10 ml). Cells were
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lysed at 4°C by repeated vigorous agitation with 0.5mm zirconia/silica beads in a bead beater

(Biospec) using 4 cycles of 60 s with 75 s of rest in between cycles. Lysates were cleared by

centrifugation at 211 x g for 2 min to remove beads and at 10,600 x g for 8 min to remove cell

debris, both at 4°C. Protein concentration was determined by BCA assay (Pierce, Thermo

Fisher Scientific). Proteins were reduced with 5 mM DTT at 55°C for 30 min, alkylated with 15

mM iodoacetamide for 30 min at RT, and quenched with 15 mM DTT for 15 min at RT. Protein

extracts were digested with lysyl-endopeptidase, LysC (Wako) in 50 mM Tris pH 8.9 overnight at

RT and 1:100 or 1:50 enzyme to protein ratio. All samples were acidified to pH 2 by addition of

trifluoroacetic acid (TFA) to 0.5% final concentration to inactivate the digestive enzyme.

2.5.4 Peptide desalting

Peptides were desalted by reversed-phase solid phase extraction over Sep-Pak tC18 cartridges

(Waters) in a vacuum manifold as previously described (Swaney et al. 2013) or stage tips

(Rappsilber, Ishihama, and Mann 2003; Rappsilber, Mann, and Ishihama 2007) using Empore

C18 material (3M), depending on the peptide scale. Sep-Pak tC18 cartridges were equilibrated

with sequential additions of 100% acetonitrile (ACN), 70% ACN with 0.25% acetic acid (AA),

40% ACN with 0.5% AA, and 0.1% TFA. Peptide samples were loaded onto the column and

washed with 0.1% TFA and 0.5% AA. Peptide samples were eluted by sequential additions of

750 µl of 40% ACN with 0.5% AA, and 750 µl of 70% ACN with 0.25% AA. For stage tips,

peptides were applied to conditioned Empore C18 material, washed with 40 µl 0.1% TFA, and

eluted with 40 µl 70% ACN with 0.25% acetic acid (AA). All peptide samples were lyophilized

prior mass spectrometry analysis, or phosphopeptide enrichment.

2.5.5 Phosphopeptide enrichment
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Phosphopeptide enrichment was performed by immobilized metal affinity chromatography

(IMAC) as previously described (Swaney et al. 2013). Briefly, aliquots of 1 mg peptide were

resuspended in 80% ACN, 0.1% TFA and incubated with IMAC beads at a ratio of 1 μl 5% slurry

(in 80% ACN, 0.1% TFA) per 10 μg peptides. Phosphopeptide-bound IMAC beads were washed

with 80% ACN, 0.1% TFA. Phosphopeptides were eluted with 70% ACN, 1% NH4OH, 29%

water. Phosphopeptide eluents were stage-tip desalted and lyophilized as described above.

2.5.6 Pulldown of yeast ribosomal proteins

The strain expressing tagged YNL069C from the MORF collection (Gelperin et al. 2005) was

grown in biological triplicate using lysine drop out synthetic complete media (SC -Lys) overnight

at 30°C and raffinose as carbon source. Cells were inoculated at OD 0.1 into SC media

containing K8, 90 μg/mL azetidine-2-carboxylic acid concentration and 1% galactose to induce

Rpl16B expression. Cells were harvested at OD 0.8 by centrifuging cultures at 2,850 x g at 4°C

and decanting growth media. Cell pellets were resuspended in ice-cold sterile water and

pelleted again at 10,600 x g at 4°C. Cell pellets were snap-frozen in liquid nitrogen and stored at

-80°C until cell lysis.

For each biological replicate, cells were resuspended at 4°C in native lysis buffer consisting of

50 mM Tris, 100 mM NaCl, pH 7.5, 0.05% Tween 20 and protease inhibitors (complete mini 1

tablet/10 mL, Roche). Cell suspensions were lysed by four cycles of bead beating (1 min

beating, 1.5 min rest). Lysates were centrifuged at 211g for 2 min to remove beads and at

10,600 x g for 8 min to remove cell debris. Supernatants were applied to 60 μL of conditioned

lgG Sepharose 6 Fast Flow beads (GE Healthcare) and incubated at 4°C for 3 h. Beads were

washed with 50 mM Tris, 100 mM NaCl, pH 7.5, and the bound proteins were eluted with 100

mM glycine pH 2.5. Proteins in the eluate were precipitated with 20% TCA, and their pellet
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washed with cold 10% TCA solution, followed by cold acetone, and drying. Protein pellet was

resuspended with a buffer containing 50 mM ammonium bicarbonate and 10% ACN, and

digested for 4 h with 2 μg of lysyl-endopeptidase (LysC). Digestion was quenched with 0.5%

TFA and LysC peptides were desalted on styrene divinylbenzene stage tips (3M) and

lyophilized.

2.5.7 Thermal proteome profiling in yeast cell lysates

Two replicates of pelleted yeast (BY4741) containing azetidine mistranslation were resuspended

in 650 µl of native lysis buffer (50 mM HEPES pH 7.5, 75 mM NaCl, 2 mM MgCl2, protease

inhibitors) and lysed by 4 cycles of bead beating (1 minute each with 1 min rest on ice). Lysates

were centrifuged for 10 min at 21,000 x g to remove cell debris. Supernatant was collected and

transferred to 2 mL tubes. These lysates (2.25 mg/ml concentration) were then aliquoted into

PCR tubes on ice. PCR tubes were incubated on a thermal cycler in two phases: first, a 5-min

incubation at 30oC; second, a 5-min incubation at 10 different temperatures (30˚C, 38.3˚C,

45.6˚C, 48.3˚C, 50.0˚C, 52.0˚C, 54.7˚C, 57.0˚C, 62.6˚C, 70.0˚C) for 5 min. After temperature

treatment, lysates were incubated at room temperature for 5 min. All samples were then

centrifuged at 17,000 x g 4˚C for 1 h. After centrifugation, 75 µl from each temperature-treated

sample was mixed 1:1 with denaturing buffer (9M urea, 10 mM DTT, 50 mM HEPES pH 8.9, 75

mM NaCl) and incubated at 55˚C for 30 minutes. All samples were then incubated in the dark

with 15 mM iodoacetamide for 30 min to alkylate cysteines and the reaction was quenched with

5 mM DTT for 30 min at RT. Protein concentration was measured on an additional aliquot

treated at 30˚C using the BCA assay.

For each temperature, 75 µg of reduced and alkylated protein lysate was digested with LysC at

a 1:50 enzyme:substrate ratio, shaking overnight at RT. Digestion was stopped by addition of
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10% TFA to a final concentration of 1.5% TFA. Precipitate was removed by centrifugation,

peptides were cleaned up by solid phase extraction on a µHLB Oasis Plate (Waters), and

eluates dried down by vacuum centrifugation. 25 µg of dried peptides were resuspended in 100

mM HEPES buffer pH 8.5, 30% acetonitrile, and were labeled with 100 µg of TMT10plex

isobaric label reagent (Thermo Fisher Scientific) for 1h at room temperature. The reaction was

quenched by addition of 5% hydroxylamine to a final concentration of 0.5% and 30 min

incubation. TMT channels corresponding to the different temperatures were pooled together

prior to acidification to pH 3 with hydrochloric acid. Acidified peptides were desalted using

Sep-Pak tC18 columns (Waters). To increase coverage in Thermal Proteome Profiling

experiments, peptides were stage tip fractionated using a high pH reversed phase stepwise

elution approach(Lawrence et al. 2015). Briefly, peptides were acidified with 1% TFA, and

loaded over conditioned Empore SDB-RPS C18 material (3M), washed and eluted into 4

fractions using a buffer of 20 mM ammonium hydroxide with stepping 5%, 10%, 20% and 80%

acetonitrile. Peptide fractions were acidified with 10% FA and dried down by vacuum

centrifugation. Samples were analyzed on an Orbitrap Lumos Tribrid mass spectrometer using

an SPS-MS3 TMT method (McAlister et al. 2014).

2.5.8 Mass spectrometry

Lyophilized peptide, phosphopeptide, and TMT-labeled peptide samples were resuspended in

3% ACN, 4% formic acid and subjected to liquid chromatography coupled to tandem mass

spectrometry (LC-MS/MS).

Peptide samples were loaded into a 100 μm ID x 3 cm precolumn packed with Reprosil C18 1.9

μm, 120Å particles (Dr. Maisch). Peptides were eluted over a 100 μm ID x 30 cm analytical

column packed with the same material housed in a column heater set to 50°C and separated by
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gradient elution of 8 to 30% ACN in 0.15% FA over 70 min at 350 nl/min delivered by an

Easy1000 nLC system (Thermo Fisher Scientific).

Peptides were online analyzed on a Q-Exactive mass spectrometer (Thermo Fisher Scientific).

Mass spectra were collected using a data dependent acquisition method. For each cycle a full

MS scan (300-1500 m/z, resolution 70,000, AGC target 3e6) was followed by ten MS/MS scans

(isolation width 2.0 Da, 26% normalized collision energy, resolution 17,500, AGC target 5e4) on

the top 20 most intense precursor peaks.

TMT labeled peptides were loaded onto a 100 μm ID x 3 cm precolumn packed with Reprosil

C18 1.9 μm, 120Å particles (Dr. Maisch). Peptides were eluted over a 100 μm ID x 30 cm

analytical column packed with the same material housed in a column heater set to 50°C.

Peptides were separated by a 120 min gradient of 8-35% ACN in 0.15% formic acid (gradient

was optimized for the high pH reverse phase fractions) delivered at 350 nl/min by a

nanoACQUITY UPLC (Waters) and online analyzed on a Orbitrap Fusion Lumos Tribrid mass

spectrometer (Thermo Fisher Scientific). Mass spectra were collected using a data dependent

SPS-MS3 acquisition method (McAlister et al. 2014), using 5-sec cycles of one full MS scan on

the Orbitrap mass analyzer (500-1200 m/z, resolution 60,000, AGC target 5e5), followed by

MS/MS scans on the most intense precursor peaks using CID fragmentation and acquisition in

the linear ion trap (isolation width of 0.5 Da, normalized collision energy 30, rapid, AGC target

1e4), each followed by an MS/MS/MS scan from coisolating and co-fragmenting the 10 most

intense MS/MS fragments, using HCD fragmentation and acquisition in the Orbitrap for reporter

ion quantification (isolation width of 2.5 Da, normalized collision energy 55, resolution of 50,000,

5e4 AGC, max injection time 86 ms).
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Analysis of azetidine incorporation on GST-HA-His protein in vitro translated construct was

carried out using both data dependent and targeted acquisition approaches on a Q-Exactive

instrument. Peptides were eluted over a similar analytical LC set up as above using a gradient

elution of 12 to 40% ACN in 0.15% FA over 60 min at 350 nl/min delivered by an Easy1000 nLC

system (Thermo Fisher Scientific). DDA methods were acquired as described above, whereas

the targeted PRM method consisted of a full MS scan followed by up to 20 targeted MS/MS

scans as defined by a time-scheduled inclusion list that included wild type and azetidine 2

carboxylic acid substituted peptides. MS/MS scan was carried out at 35k resolution, 5e5 AGC

target, 100 ms maximum injection time, 2 m/z isolation window, 27% normalized collision

energy, centroid mode.

2.5.9 Mass spectrometry data analysis

Raw files were converted to mzXML and mzML formats using ReAdW and MSconvert, and

MS/MS spectra were searched against a target/decoy protein sequence database using Comet

(version 2015.01, version 2019.01.02) (Eng, Jahan, and Hoopmann 2013) to identify peptides or

MaxQuant (version 1.6.5.0) (Cox et al. 2009). Saccharomyces cerevisiae (orf_trans_all.fasta

downloaded from the Saccharomyces Genome Database in 2016), or human (Uniprot

UP000005640 downloaded 2016/09) protein sequence databases were used and tagged bait

proteins were included in the database for the affinity purification experiment samples.

Mass tolerance search parameters were adjusted to acquisition instruments following

recommendations by Comet source website, i.e. 20 ppm precursor mass tolerance (Orbitrap),

0.02 Da fragment tolerance for MS/MS acquired on an orbitrap mass analyzer and 1.0005 Da

tolerance with 0.4 Da offset for MS/MS acquired on a linear ion trap mass analyzer. LysC was

selected as the digestive enzyme with a maximum of 2 missed cleavages, constant
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carbamidomethylation modification of cysteines (+57.0215 Da) and variable modifications of

methionine oxidation (+15.9949 Da) and N-terminal acetylation (+42.0106 Da). Variable

modifications were also used to search for the incorporation of non-canonical amino acids. For

instance, variable modification of -14.0156 Da on proline residues reported for the substitution

of proline with azetidine-2-carboxylic acid. Database searches of phosphopeptide samples

included variable phosphorylation modification on serine, threonine and tyrosine (+79.9663 Da).

Dynamic SILAC samples were searched with light lysine (K0) and heavy (K8, +8.0142 Da)

variable modifications in binary mode. TMT-labeled samples were searched with constant

modification (+229.1629 Da) on lysines and peptide N-termini. Search results were filtered with

Percolator (Percolator version 3.01) (Käll et al. 2007) to 1% false discovery rate at the PSM

level. Peptide abundance was determined using in-house quantification software to extract MS1

intensity or TMT reporter ion intensities. Protein groups were assembled using ProteinProphet

(Nesvizhskii et al. 2003).

For phosphopeptide samples, phosphosite localization was performed using an in-house

implementation of Ascore (Beausoleil et al. 2006) using a fragment mass tolerance of 0.4 Da.

Phosphosites with Ascore ≥13 were considered localized (> 95% confidence for localization).

Analysis of targeted acquisition data for in vitro translated GST-HA-His pulldown samples was

carried out using Skyline (version 3.6.1). Signal extraction was performed on +2, +3, +4, and +5

precursors and +1, +2 b and y fragment ions. Peptide identifications and chromatographic peak

boundaries were refined manually, and precursor MS1 intensities were used to calculate

azetidine-2-carboxylic acid incorporation. Peptides containing multiple prolines for which

azetidine-2-carboxylic acid substitutions could not be resolved chromatographically (n=5),

average incorporation rates were calculated.
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2.5.10 Selection of peptides for melting curve fitting

For fitting melting curves, we first applied several stringent filtering criteria. First, we only

considered peptides that were fully cleaved, in order to reduce confounding effects due to

digestion biases across the temperature range. Second, we only considered peptides containing

a heavy lysine, constraining our analysis to the statistical proteome synthesized after exposure

to the ncAA. Lastly, we only considered PSMs where at least 5 of the top 10 most intense

fragment ions in the MS2 belonged to the assigned peptide, reducing ratio compression from

co-isolated precursors. After filtering, TMT reporter ion intensities were transformed into relative

fold-changes by normalizing each channel intensity to the channel containing the 30˚C control

(channel 126). PSMs were consolidated into unique peptides by taking the median fold-change

across all PSMs and charge states for each unique peptide.

2.5.11 Peptide-level melting curve normalization

To account for differences in the amount of material labeled in each channel, we applied a

normalization approach similar to a previous approach (Miettinen et al. 2018). Briefly, we

selected a set of proteins with relative fold-changes between 0.5 and 1.5 across the entire

temperature range, and with a minimum of 3 unique, heavy-labeled, non-redundant, and

non-azetidine peptides. We defined this set of proteins as our “non-melting” proteins and used

this protein set for sample loading normalization across the entire dataset. Specifically, relative

fold-changes for each protein were calculated by taking the median fold-change from all

peptides assigned to that protein. We then calculate correction factors so that the median

relative fold-change for each replicate and each temperature were equal to 1. These correction

factors were then applied across the entire dataset.
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2.5.12 Significance tests for the effect of azetidine substitutions on protein

thermal stability

To identify azetidine substitutions that significantly alter protein thermal stability, we compared

the melting curves of azetidine-containing peptides with their matching wild type peptides using

non-parametric analysis of response curves (NPARC) (Childs et al. 2019). In order to estimate

the null distribution for our dataset, we took a modified approach to the original implementation

of NPARC. We first calculated F-statistics for each peptide pair (degrees of freedom: df1 = 34,

df2 = 3). Specifically, peptides that spanned the same ncAA substitution were first consolidated

into a site-level quantification by taking the median fold-change across channels. Then, instead

of relying on the theoretical F-distribution to calculate a p-value, we generated a permuted

dataset of null F-statistics and used these null values to calculate empirical p-values.

Specifically, for each observed peptide pair, we generated 500 permuted melting curve

comparisons by sampling (without replacement) the relative fold-changes at each temperature,

across both replicates and peptide fold-changes. We then fit null and alternative melting curves

in R, calculated F-statistics, and combined the 500 permutations across all 465 peptide pairs to

generate a dataset of 232,500 permuted curves, each with an associated F-statistic. Any

permuted models that failed to converge were first removed before calculating empirical

p-values, leaving us with a final dataset of 230,665 null F-statistics (Fnull). We then calculated

empirical p-values for each observed F-statistic (Fobserved) using the following formula:

𝑝 =
1 + (𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 𝑤ℎ𝑒𝑟𝑒 𝐹

𝑛𝑢𝑙𝑙
 > 𝐹

𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑
)

1 + 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐹
𝑛𝑢𝑙𝑙

All p-values were corrected for multiple hypothesis testing using the Benjamini-Hochberg

method in R.
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2.5.13 Bioinformatics

Gene Ontology Term enrichment for  ribosomal pulldown was carried out using YeastMine

server (https://yeastmine.yeastgenome.org/). Ontology terms for Biological function , cellular

component and molecular function were analyzed for proteins identified in the ribosomal

pulldown fraction against a background list of proteins generated from whole cell lysate

samples. p-values were corrected using the Holm-Bonferroni method and a 0.05 significance

threshold was used.

We assessed the structural and evolutionary context for all proline residues where we detected

an azetidine substitution using a variety of computational tools. For all analyses, we only used

peptides containing a single azetidine substitution.

For secondary structure analysis, we downloaded PDB files of predicted protein structures from

AlphaFold (Jumper et al. 2021) (downloaded 2021-09-21). We assigned secondary structure

elements to each residue using DSSP with the Bio3d package in R (Grant et al. 2006). The

8-state SSE assignments were then consolidated to 4-state SSE (Helix, Sheet, Turn, Coil) by

collectively calling H, G, I states as Helix; E and B states as Sheet; S and T as Turn; and all

others as Coil. We calculated relative solvent accessibility by dividing the solvent accessible

surface area (SASA) output from DSSP (Kabsch and Sander 1983) by a list of maximum SASA

per residue (Tien et al. 2013). Prediction scores were extracted from each PDB file, and

residues with prediction scores less than 70 were excluded from our analysis. Proline residues

with omega bond angles between -30˚ and 30˚ were considered to reside in cis. Disordered

predictions for each residue in the yeast proteome were downloaded from
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http://bioinfadmin.cs.ucl.ac.uk/disodb/. A disordered region was defined as a segment of 30 or

more consecutive residues in a protein with a prediction of being disordered.

In order to compare the effects of natural amino acid substitutions with ncAA substitutions, we

downloaded the entire in silico mutagenesis dataset (both the homology-based and

experimental models) from the mutfunc database (Wagih et al. 2018). We then calculated a

mean ∆∆G for each proline residue and used those values as representative of the overall

mutational sensitivity of a proline residue.

For our evolutionary analysis, we submitted FASTA sequences obtained from Uniprot (accessed

11 April 2021) to the BLAST server from the command line. Sequences were submitted to

BLASTp using default parameters with `refseq_protein` as the search database and

`Eukarya[ORGN]` as the entrez query. After searches were complete, we removed any hits with

sequence identity less than 30% and E-score > 0.05. We then generated a multiple sequence

alignment for each protein in R using the Bio3d and msa package, using the filtered hits as input

sequences and default parameters for protein sequence alignments. We then calculated

positional entropy within each sequence alignment using the Bio3d package (Grant et al. 2006)

and the Shannon entropy algorithm. Raw H22 entropy scores were used in our final analysis.

We only analyzed positions with more than 100 sequences in the alignment and less than 30%

gaps.

2.5.14 Data availability

The mass spectrometry data have been deposited to the ProteomeXchange Consortium

(https://www.ebi.ac.uk/pride/archive/) via the PRIDE partner repository with the dataset

identifiers:  PXD031230, PXD031233, PXD031255.
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Chapter 3: Identifying residues important for stability,

structure, and function

This Chapter is based on unpublished observations
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3.1 Summary

Amino acid substitutions fuel evolutionary innovation and drive organismal dysfunction.

Delineating between such disparate mutational outcomes is critical for basic science and in

fulfilling the promise of precision medicine and synthetic biology. Towards this end, we have

developed Miro, a proteome-wide method that assays the functional effects of amino acid

substitutions by the steps of mistranslation with a non-canonical amino acid, a selection that

separates mistranslated proteins by their function, and mass spectrometry to identify the protein

variants in each functional class. Here, we couple Miro with a high-throughput thermal protein

stability assay that subjects mistranslated proteins to stepwise increases in temperature

followed by measurement of the area under the melting curve. Using eight different

non-canonical amino acids in turn, we assess changes in thermal stability for 8,919 unique

substitutions in 715 proteins across the yeast proteome. This approach allows us to delineate

the features of amino acid sites whose substitution correlates with decreased thermal stability.

Further, we find that alternative ncAA substitutions at the same site can have differing effects,

reflecting structural constraints at these sites. Finally, we identify clusters of residues sensitive to

substitution that often correspond to protein regions with discrete functional activities. These

results indicate that the use of Miro with multiple types of substitution provides insight into

protein structure and function.

3.2 Introduction

Sequence-function relationships are ubiquitous across biological molecules and systems.

Understanding their guiding principles has advanced structural prediction (Jumper et al. 2021),

directed evolution (Wittmann, Yue, and Arnold 2021; Hsu et al. 2022), human genetics (Frazer

et al. 2021), and synthetic biology (P.-S. Huang, Boyken, and Baker 2016; Kuhlman et al. 2003).

The challenge now lies in assigning distinct structural or functional roles to individual amino acid
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residues within proteins, which would empower our predictions regarding the effects of millions

of missense variants (Karczewski et al. 2020) and post-translational modifications (Ochoa et al.

2020) on protein biology. High-throughput functional genomics and proteomics methods offer an

opportunity to bridge this gap between variant identification and variant annotation.

Recent advances in DNA sequencing have enabled the characterization of protein variants in

high-throughput (Fowler and Fields 2014). These methods have, in-turn, advanced our

understanding of protein sequence-function relationships (Fowler et al. 2010; Song et al. 2020),

in addition to advancing our ability to determine the effects of clinical variation within disease

genes (Findlay et al. 2018). However, these approaches come at the cost of proteome coverage

and sophisticated functional selections, many of which are limited in their ease-of-portability

across genes and experimental systems. To combat the limitation of scale, complementary

mutagenesis approaches have emerged that characterize sequence variants across entire

genomes (Després et al. 2020; Sharon et al. 2018; Hanna et al. 2020). While these tackle the

limitation of scale, they are, thus far, constrained to variants affecting cellular or organismal

fitness, limiting their applications to essential genes and functions.

We recently developed Miro (Rodriguez-Mias et al. 2022), a proteome-wide method that

characterizes the effects of amino acid substitutions on protein structure and function in vitro or

in vivo. Miro first generates collections of protein variants via proteome-wide mistranslation with

a non-canonical amino acid. Then, these mistranslated proteomes are coupled to biochemical

selections with a mass spectrometry-based readout to quantify the effect of an amino acid

substitution on a biochemical property of interest. Our initial implementation of Miro showcased

multiple biochemical selections applied to a single yeast proteome mistranslated with

azetidine-2-carboxylic acid (Rodriguez-Mias et al. 2022). Here, we apply a single biochemical

selection to yeast proteomes generated by mistranslation with one of eight different ncAAs.
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First, we benchmark a high-throughput stability assay inspired by proteome integral solubility

alteration (Gaetani et al. 2019). We then apply this assay to each of the eight mistranslated

proteomes, gaining insight into structural and functional contexts underlying ncAA sensitivity.

We then use this method to identify functional protein regions in a subset of yeast proteins.

Taken together, these data illustrate the ability of Miro to map sequence-functional relationships

proteome-wide.

3.3 Results

A high-throughput method to quantify the effects of amino acid substitutions

on protein thermal stability

To measure protein thermal stability in high-throughput, we developed a modified version of the

proteome integral solubility alteration (PISA) assay (Gaetani et al. 2019), shown in Figure 3.1.

The original implementation of PISA involves: (1) incubating lysates or cells with or without a

small molecule of interest; (2) thermal denaturation by splitting samples across PCR tubes and

incubating at one of several temperatures along a temperature gradient; (3) pooling the samples

into a single tube after temperature treatment and discarding aggregates via centrifugation; (4)

measuring changes in protein stability between conditions by measuring the difference in the

area under the melting curve between treated and untreated samples. Our approach extends

the PISA assay to measure differences in stability between protein variants through a simple

modification: the introduction of a 30˚C-treated control channel. This channel provides a

measurement of protein abundance before thermal denaturation, which is used to normalize

measurements of protein abundance after temperature treatment to enable an estimate of

relative stability (Rs), a measurement of how much protein has aggregated within a temperature

window. These Rs measurements are akin to melting temperatures, enabling a reliable

comparison of stability between different proteins and variants within the same sample.
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We benchmarked modified PISA against a yeast proteome with azetidine-2-carboxylic acid

substitutions proteome-wide. Cell pellets from five biological replicates were lysed in a

non-denaturing buffer and heated to 30˚C or to temperatures between 46˚C and 56˚C. In total,

we quantified Rs for 13,583 peptides and 1,516 yeast proteins. We observed partial-to-full

aggregation for 1,078 yeast proteins (Rs < 95%), with 438 yeast proteins remaining stable

across these temperatures (Rs > 95%) (Figure 3.1B). Estimates of Rs at the peptide-level

accurately reflected protein-level Rs (R2 = 0.88; Figure 3.1C), and estimates of Rs were highly

reproducible (Pearson’s R2 peptide = 0.80; protein = 0.92; pep-to-prot = 0.84) (Figure 3.1D).

Next, we assessed modified PISA’s ability to identify azetidine-sensitive residues across the

proteome. To do this, we first statistically compared the Rs value of ncAA-containing peptides

(i.e. “ncAA”) with the Rs value of the unmodified counterpart peptides (i.e. “wildtype” or “WT”).

Using this comparison, we categorized azetidine substitutions as non-significant (n.s.),

destabilizing, or stabilizing. Next, we asked whether these annotations correspond to known

changes in stability measured in a prior azetidine-mistranslated proteome (Rodriguez-Mias et al.

2022). We focused on a set of 164 overlapping azetidine substitutions for which the melting

temperature in TPP was less than 56˚C (i.e. the max temperature used here) and the wildtype

peptide Rs was less than 100%. Across these 164 overlapping sites, PISA categorized 21

substitutions as destabilizing, 7 as stabilizing, and the remaining 136 as non-significant (paired

t-test, BH-adjusted p-value < 0.05, Figure 3.1E). PISA-destabilizing and PISA-stabilizing

substitutions were significantly more likely to be destabilizing or stabilizing, respectively, in TPP

(destabilizing, median ∆AUC = -1.84, wilcoxon rank-sum test, p-value = 9.5 x 10-07; stabilizing,

median ∆AUC = 1.88, wilcoxon rank-sum test, p-value = 0.008) compared to non-significant

substitutions (Figure 3.1E). Taken together, these data confirm that peptide-level Rs values

reflect and can measure the effects of amino acid substitutions on protein thermal stability.
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Figure 3.1. A high-throughput thermal stability assay to measure the
effects of amino acid substitutions.
(A) Workflow to characterize the effects of amino acid substitutions on protein thermal stability. (B)
Distribution of median relative stability (Rs) values for peptides and proteins measured across five
biological replicates of an azetidine-mistranslated yeast proteome treated between 46˚C and 56˚C. (C)
Correlation between median peptide Rs and median protein Rs. (D) Correlation of Rs values for all
pairwise comparisons between five replicates for peptides, proteins, and correlation between peptides
and their corresponding proteins (pep-prot). (E) Site-specific effects of azetidine substitutions measured
in modified PISA and in a prior dataset measuring the effect of azetidine substitutions on protein
stability with thermal proteome profiling (data from (Rodriguez-Mias et al. 2022)).
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Towards an atlas of non-canonical amino acid sensitivity in yeast

We next sought to leverage the increased throughput and simplicity enabled by modified PISA

to probe the effects of different ncAAs on yeast protein thermal stability. We focused our efforts

on eight ncAAs that incorporate in place of one of seven cognate amino acids, which we

selected to explore a range of chemical changes across the yeast proteome (Figure 3.2A).

To generate mistranslated proteomes for each ncAA, we first established relationships between

ncAA concentration and proteome-wide mistranslation in yeast. Our goal was to identify ncAA

concentrations that generate proteomes in which most newly-synthesized proteins would

contain, on average, no more than two ncAA incorporation events per molecule synthesized

(Supplemental Figure 3.1). To do this, we took a three step approach. First, we screened seven

of these eight analogs (the exception being azetidine, due to prior information regarding toxicity)

for dose-dependent toxicity in yeast growing on synthetic complete media (Supplemental Figure

3.2A) and determined an IC50 for each ncAA (Supplemental Figure 3.2B). Second, for each

analog, we selected 3-5 concentrations around the IC50 (Table 1), grew cultures of yeast at

these concentrations, and assessed the relationship between ncAA concentration and (a)

number of ncAA-containing peptides (Supplemental Figure 3.3A) and (b) mistranslation levels

using mass spectrometry (Supplemental Figure 3.3B-D). Lastly, we used these dose-dependent

relationships to guide which ncAA concentrations to use to generate desired levels of

mistranslation (Table 1). Using this approach, we established dose-dependent relationships

between analog concentrations and proteome-wide mistranslation for eight different ncAAs

(Supplemental Figure 3.3D). We generated five biological replicates of each

minimally-mistranslated proteome and then coupled them with modified PISA to quantify the

site-specific effects of ncAA substitutions.
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Figure 3.2. Global features of the mistranslated meltome in yeast.
(A) Eight mistranslated proteomes and the corresponding structures for each mistranslating
non-canonical amino acid. (B) Top: Number of positions across the entire detectable yeast proteome
where a ncAA substitution was detected; Bottom: Total number of proteins in the detected yeast
proteome with at least one ncAA substitution quantified. (C) Number of unique ncAA substitutions
observed across eight different mistranslated proteomes as a function of the total number of possible
substitutions based on detected wildtype peptides. (D) Distribution of protein abundances in yeast, with
different colors representing proteins grouped based on the numbers of ncAA variants quantified.
Abundance estimates from (Kulak et al. 2014). (E) Differences in protein half-life based on the number
of variants quantified for different proteins. Half-life measurements from (Christiano et al. 2014). (F) The
number of quantified ncAA substitutions and overall variant coverage as a function of protein relative
stability. (G) Variant coverage between essential and non-essential genes in yeast. (H) Site-level effects
of ncAA substitutions on protein thermal stability in yeast (paired t-test in Limma; n=8,919). (I)
Site-specific effects of ncAA substitutions for each mistranslated proteome. (J) Fraction of substitutions
that alter thermal stability based on the number of substitutions contained within the peptide.
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Across these eight mistranslated proteomes, we quantified the effects of 8,919 ncAA

substitutions mapping back to at least one of 8,629 unique positions across 722 yeast proteins

(Figure 3.2B). In total, these sites and proteins represent 28.7% of the quantified yeast

proteome and 17.4% of all possible positions based on the set of observed wildtype peptides

(Figure 3.2B). In general, the coverage of ncAA substitutions varied across each sample and

each protein. We captured more ncAA substitutions for analogs that mistranslated at frequent

amino acids (Figure 3.2C), more substitutions in abundant proteins (Figure 3.2D), and more

substitutions in proteins with a slower half-life (Figure 3.2E). Interestingly, there was no

significant difference in the number of quantified variants based on protein thermal stability

(Figure 3.2F), and no significant bias in variant coverage between essential and non-essential

yeast proteins (Figure 3.2G). The lack of bias in variant coverage between essential and

non-essential genes reflects the indiscriminate nature of mistranslation and suggests the

predominant constraint on variant coverage is peptide detectability (although there may also be

underlying biological constraints, i.e., altered turnover of mutant proteins). Equal variant

coverage between essential and non-essential genes also highlights a major advantage of Miro,

its ability to measure variant effects in both essential and non-essential proteins without the

need to couple effects with indirect readouts (e.g., cell fitness, fluorescence intensity).

Next, we assessed the site-specific effects of ncAA substitutions on protein thermal stability. Out

of the 8,919 quantified substitutions, 717 (~8%) significantly altered thermal stability (Figure

3.2H). These were slightly biased towards destabilizing substitutions (414 destabilizing vs. 303

stabilizing) (Figure 3.2H), which was more pronounced for certain ncAAs, such as azetidine (P1)

and trifluoro-leucine (L4) (Figure 3.2I). These more pronounced effects suggest that the

observed global effect of a ncAA on protein stability is related to the severity of the chemical

change introduced by the analog. Along similar lines, we found that variants peptides for which

we quantified the effect of a double mistranslation event (i.e. 2 ncAA substitutions) were
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significantly more likely to have altered stability compared to those with single mistranslation

events (Fisher exact test, p-value = 1.015 x 10-8, Figure 3.2J), underscoring the compounding

effects of additional substitutions on protein stability. However, we were surprised to find that

most substitutions (~92%) did not alter thermal stability. This “tolerance” to ncAA substitutions

supports earlier findings with azetidine (Rodriguez-Mias et al. 2022) and suggests more broadly

that the site-specific effect of a ncAA substitution is strongly tied to local structural and functional

contexts for each site within each protein.

Structural contexts partly explain ncAA sensitivity

Next, we systematically explored the structural contexts surrounding stability-altering

substitutions to better understand factors contributing to ncAA sensitivity. To do this, we mapped

ncAA substitutions back to their positions within predicted protein structures from AlphaFold

(Jumper et al. 2021), and extracted site-level molecular features (Figure 3.3A). We also included

in silico predictions of ∆∆G and SIFT scores for all 19 natural amino acid substitutions at these

positions from the mutfunc database (Wagih et al. 2018), as well as predicted residue disorder.

Our analysis identified several features correlating with ncAA sensitivity that match prior

observations with natural amino acid substitutions (Figure 3.3B). For example, sites where ncAA

substitutions had a destabilizing effect were significantly less solvent exposed compared to sites

with non-significant substitutions (wilcoxon rank-sum test, p-value = 6.4x10-8; Figure 3.3C). This

same pattern has been observed with natural amino acid substitutions, with buried amino acid

residues generally more sensitive to substitutions compared to surface-exposed residues (Iqbal

et al. 2020; Matreyek et al. 2018). We also observed correlations with thermodynamic and

evolutionary properties of residues. For example, destabilizing substitutions occurred at

residues that had a significantly higher average ∆∆G from in silico predictions of natural amino
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acid substitutions (wilcoxon rank-sum test, p-value = 8.2x10-7; Figure 3.3D). Interestingly,

stabilizing substitutions only weakly correlated with structural features (Figure 3.3B), suggesting

a more complicated mechanistic interpretation is required for stabilizing substitutions.

A more analog-centric approach yielded additional insights related to ncAA sensitivity (Figure

3.3B). For example, destabilizing fluoroglutamate (E1) and canavanine (R1) substitutions were

more likely to occur at buried glutamic acid or arginine residues, respectively (E1, wilcoxon

rank-sum test p-value =3.3x10-4; R1, wilcoxon rank-sum test p-value = 0.0054, Figure 3.3E).

Fluoroglutamate is particularly interesting because the pKa of the side-chain carboxylic acid is

indistinguishable from glutamate. However, in the context of more hydrophobic environments,

such as at the core of protein structures, pKa values of glutamate residues can increase by

several orders of magnitude (Isom et al. 2010) and are likely more sensitive to fluoroglutamate.

Interpreted in this light, these data illustrate how ncAA sensitivity can yield information about

residue burial in lieu of structural information.

As an example, we highlight fluoroglutamate (E1) and canavanine (R1) substitutions within

glycerol-3-phosphate phosphatase (Gpp1) (Figure 3.3F). Incorporation of E1 or R1 at either

Glu178 or Arg157 significantly destabilized Gpp1. Both of these substitutions occur at

highly-connected buried residues at the core of the protein (Figure 3.3F-I). These effects are

potentially driven by the ncAA disrupting these interactions. However, solvent accessibility is not

the only predictor for ncAA sensitivity, as seen by the lack of sensitivity at Glu79 to E1, which is

also buried (Figure 3.3F). Taken together, the multiple protein facets correlating with residue

sensitivity illustrates some of the complexities uncovering broad generalizations underpinning

ncAA sensitivity, but also the ability to use ncAA sensitivity to classify amino acids into subtypes.
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Figure 3.3. Structural contexts partly explain ncAA effects.
(A) Each unique position across the yeast proteome where a ncAA substitution was quantified was
mapped back to predicted protein structures from AlphaFold and site-level characteristics were
extracted. (B) Global and analog-specific correlations between ncAA effect and structural and
evolutionary features. Left side: correlates with destabilizing substitutions; Right side: correlates with
stabilizing substitutions. Fill color represents the scaled difference between the destabilizing or
stabilizing substitutions and the non-significant substitutions. Max differences were set to -1 and 1 for
visualization purposes. Boxes with a bold outline are features with significant correlation with ncAA
effect (BH-adjusted p-values < 0.05). All statistical tests were performed on the unscaled values. (C-D)
Correlation between ncAA effect and relative solvent accessibility (C) and average ∆∆G (D). Values for
panel (D) were obtained from in silico models generated using FoldX and stored in the mutfunc
database. (E) Analog-centric correlations between fluoroglutamate (E1) and canavanine (R1) with
solvent accessibility. (F) Example effects of E1 and R1 substitutions detected in Gpp1 (top panel) and
their correlation with solvent accessibility (bottom panel). (G) Predicted structure of Gpp1. (H-I) Residue
interactions surrounding Glu178 (H) and Arg157 (I). Yellow lines represent polar interactions.
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Interestingly, there were limited associations between ncAA sensitivity and residue disorder.

While this lack of correlation suggests that regions of intrinsic disorder are more tolerant to

amino acid substitutions, we also observed a systematic depletion of substitutions in intrinsically

disordered regions, suggesting the relationship between ncAA sensitivity and disorder is not

clear cut from these data.

Residues at interaction interfaces are sensitive to ncAAs

Next, we took a deeper look at stability-altering substitutions occurring at interaction interfaces.

We focused on interaction interfaces for two reasons: (1) thermal stability assays, such as PISA

and TPP, are acutely sensitive to interactions (Tan et al. 2018; Becher et al. 2018; Dai et al.

2018); and (2) TPP and PISA can be used to identify PTMs at interfaces regulating interactions

based on changes in protein stability (Smith et al. 2021; J. X. Huang et al. 2019). Given the

types of chemical changes introduced by ncAAs, we reasoned that we could identify interaction

residues using a similar approach.

To explore the effects of ncAA substitutions at interface residues, we integrated known

interactions from the INSIDER database (M. J. Meyer et al. 2018) and from the mutfunc

database (Wagih et al. 2018) that were based on crystalized interactions documented in the

PDB. Across our dataset, we quantified the effect of ncAA substitutions at 2,119 positions in 115

proteins found within the INSIDER or mutfunc database (excluding major macromolecular

complexes like the ribosome or proteasome). Of these, 458 positions occurred at interaction

interfaces, while 1,661 ncAA substitutions occurred outside known interaction interfaces (Figure

3.4A). We confirmed that interface residues were significantly more surface exposed compared

to residues outside known interfaces (Figure 3.4B). However, we saw no significant difference in

the sensitivity of these residues to ncAA substitutions (Figure 3.4C). Out of 458 substitutions at
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interfaces, 36 (7.9%) significantly altered protein thermal stability (25 destabilizing, 11

stabilizing), which matches what we observed for residues outside of known interfaces, with 122

out of 1,661 substitutions (7.3%) altering thermal stability (72 destabilizing, 50 stabilizing).

For a subset of substitutions occurring at interaction interfaces, we were able to compare

changes in ∆∆G caused by all 19 natural substitutions modeled in the context of an interaction

(inter) compared to as a monomer (mono) from the mutfunc database. Interestingly,

destabilizing ncAA substitutions at interaction interfaces had a significantly higher predicted

∆∆G in the context of the interaction compared to the monomer (paired wilcoxon rank-sum test,

p-value = 0.0017, n = 20, Figure 3.4C), and also had a significantly higher predicted ∆∆G in the

interaction context when compared to sites with non-significant substitutions quantified in our

assay (wilcoxon rank-sum test, p-value = 0.0009, Figure 3.4C).

For some proteins in our dataset, we captured multiple stability-altering substitutions across an

interaction interface. For example, in yeast pyruvate kinase (Pyk1), we captured two

stability-altering substitutions at the dimer interface (Figure 3.4E). Incorporation of azetidine (P1)

at Pro274 destabilized Pyk1 (∆Rs= -14.9, BH-adjusted p-value = 0.0019, Figure 3.4E), whereas

incorporation of trifluoroleucine (L4) at Leu277 stabilized Pyk1 (∆Rs = +9.3, BH-adjusted p-value

= 0.018, Figure 3.4E). Neither of these residues have been experimentally shown to be involved

in Pyk1 dimer formation, but both are in direct contact with the other subunit (Figure 3. 4E).

Interestingly, one of these positions is highly conserved across eukaryotes, but has diverged

within yeast (Figure 3.4F). Comparing the structures of yeast and human Pyk1 dimers reveals a

conservation of residue contacts between each subunit, despite their evolutionary divergence

(Figure 3.4F). The sensitivity of these residues to ncAA substitutions illustrates how

experimental information can pinpoint interacting residues where site-level evolutionary metrics

alone may conceal their importance.
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Figure 3.4. Residues at interaction interfaces are sensitive to ncAA
substitutions.
(A) Total number interface residues and non-interface residues with a quantified ncAA substitution in
this study. (B) Interface residues and relative solvent accessibility. (C) Effect of ncAA substitutions at
interface vs non-interface residues. (D) Modeled effects of natural substitutions on stability of
protein-protein interactions. (E) ncAA sensitivity map for pyruvate kinase (Pyk1; YAL038W). The two
highlighted substitutions (Pro274; Leu277) are residues at the Pyk1 dimer interface. The ncAA
sensitivity map highlights the effect of different ncAA substitutions occurring at different locations with
Pyk1. Sites with a thick black border significant (BH-adjusted p-value < 0.05). (F) Structural and
evolutionary comparison of interface residues between yeast Pyk1 and human Pyk1 where ncAA
substitutions had an effect on protein stability. (G) Effect of F2 incorporation at Phe20 in Rps11a. (H)
Effect of L4 incorporation at Leu10 in Rpl15a.

62



We also identified stability-altering substitutions within protein complexes that may impact

protein-protein and protein-RNA interactions. For example, in the ribosome, the incorporation of

fluorophenylalanine (F2) at Phe20 in Rps11A increased stability (∆Rs= +14.9, BH-adjusted

p-value = 0.0019, Figure 3.4G). This site sits at the interface between Rps11a and ribosome

RNA (Figure 3.4G). In Rpl15a, incorporation of trifluoroluecine at Leu10 also increased protein

stability (∆Rs= +14.9, BH-adjusted p-value = 0.00097, Figure 3.4H). This site sits at an

interaction interface within the ribosome (Figure 3.4H). While the observed stabilizing effects of

these substitutions may reflect a direct biophysical change in stability, another possibility is that

these substitutions reduce the co-aggregation propensity of these variants with the rest of their

respective ribosomal subunit, either due to decreased occupancy of that variant within

ribosomal molecules or altered subunit binding affinity. Taken together, these data showcase

how surface-exposed residues that are sensitive to ncAA substitutions can pinpoint positions

involved in biomolecule interactions or protein function.

Residue sensitivity is specific to ncAA identity

As the above analyses illustrate, different structural contexts play an important role in shaping

the effect of ncAA substitutions. We next asked a complementary question: do different ncAA

substitutions occurring in the same structural context elicit different effects on protein thermal

stability? To answer this question, we focused on two ncAAs, azetidine (P1) and thioproline

(P3), that introduce unique chemical changes at proline residues; P1 perturbs cis-trans

isomerization (Kern, Schutkowski, and Drakenberg 1997) and hydrophobicity (loss of methylene

group), while P3 alters hydrophobicity and sterics (Figure 3.5A).

In total, we quantified changes in thermal stability for 1,371 azetidine substitutions and 919

thioproline substitutions, totaling 2,290 unique ncAA substitutions occurring at 1,655 proline
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residues (Figure 3.5B). Of these, we quantified the effects of both substitutions at 644 proline

residues (Figure 3.5B). In general, proline-to-azetidine substitutions were more likely to

significantly alter protein thermal stability compared to thioproline substitutions, in agreement

with the degree of chemical change introduced by each substitution (Figure 3.5C).

Focusing on the 644 overlapping proline residues yielded additional insights regarding the

factors contributing to ncAA-specific sensitivity. The vast majority of overlapping sites were not

sensitive to either substitution (539 that were non-significant in both). However, out of the 105

positions where ncAAs did alter thermal stability, the sites were mutually exclusive, with 69 sites

exclusively sensitive to azetidine and 28 sites exclusively sensitive to thioproline (Figure 3.5D,

Figure 3.5E). Only 4 proline residues showed the same sensitivity towards azetidine and

thioproline, with 4 residues showing opposing sensitivities (Figure 3.5D). This minimal overlap in

ncAA effect suggests that, at least in the context of proline, different ncAA substitutions behave

like different cognate amino acid substitutions. This minimal overlap also indicates that even

structurally-similar analogs can yield insight into differential residue sensitivity.

A deeper dive into these overlapping residues and the factors correlating with differential

sensitivity reveals several molecular features. For example, residues uniquely sensitive to

azetidine were enriched in alpha-helices compared to thioproline-sensitive and non-significant

residues (Figure 3.5F). Residues uniquely sensitive to azetidine were also less likely to be in

cis-conformation, albeit this is a correlation without statistical significance.

To illustrate substitution-specific sensitivities within a protein, we highlight three different proline

residues within Rpl12a (Pro30, Pro34, and Pro39) where we quantified the effects of azetidine

and thioproline (Figure 3.5G). Across these three residues, each ncAA had a unique effect. For

example, incorporation of azetidine or thioproline at Pro30 had no effect on Rpl12a stability.
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Figure 3.5. Residue sensitivity is specific to the ncAA substitution.
(A) Structures of azetidine (P1) and thioproline (P3). (B) Overlap of proline sites where we quantified
the effects of P1 or P3 on protein thermal stability. (C) Fraction of substitutions with a significant effect
on protein thermal stability, and whether the sensitivity of these proline residues was quantified P1 only,
P3 only, or in both mistranslated proteomes. (D) Correlation of the effects of P1 or P3 mistranslation at
the overlapping 644 sites shared between each mistranslated proteome. (E) Annotated effects of the
overlapping substitutions as sensitive in P1, both P1 and P3 and same directional change, both P1 and
P3 but different directional change, or just in P3. (F) Relationship between residue sensitivity and
secondary structure assignment of proline residue. (G) Example of proline residue sensitivity across P1
and P3 in the ribosomal protein Rpl12a.
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However, incorporation of thioproline at Pro34 significantly increased Rpl12a stability, while

azetidine had no effect (Figure 3.5G). Conversely, incorporation of azetidine at Pro39

significantly increased Rpl12a stability, while thioproline had no effect (Figure 3.5G).

Interestingly, a neighboring phosphorylated serine (pSer38) plays an important regulatory role in

translation (Imami et al. 2018) and increases protein thermal stability (Smith et al. 2021). These

two findings for pSer38, in combination with azetidine sensitivity of Pro39 and the known

molecular consequence of azetidine substitutions (effects on size/trans isomerization), suggests

cis/trans isomerization may play a mechanistic role in the regulatory function of Ser39 in Rpl12a

function. Taken together, these data highlight how using multiple ncAAs to mistranslate at the

same residues can yield additional insights related to residue function and residue sensitivity.

Clusters of sensitive residues in protein structures

Lastly, given the structural and functional correlations with ncAA sensitivity, we asked whether

there were any clusters of sensitive amino acid residues in protein structures across the

proteome, and whether these also correlate with protein function. To do this, we developed a

statistical pipeline that “scans” proteins for “thermally-sensitive regions” (TSRs), which we

defined as clusters of amino acids within 5 Å of each other that have a significantly higher

absolute ∆Rs than what is expected by chance. Residues that fell into these clusters were then

labeled as TSR residues, whereas other residues were defined as non-TSR residues. We also

labeled residues as “not tested” if fewer than two ncAA substitutions were quantified.

We focused our analysis on yeast proteins where at least three positions were significantly

affected by ncAA substitutions. Applying this filter trimmed the dataset down to 77 yeast proteins

and 2,629 unique positions where we quantified the effects of at least one ncAA substitution

(note, we excluded all double mutants from this analysis). For any residues with multiple ncAA
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Figure 3.6. Spatial clusters of sensitive residues correlate with structure
and function.
(A) Number of residues across 43 proteins that are assigned to thermally-sensitive regions (TSRs),
non-TSRs, or that were not compatible with our statistical pipeline (not tested). Correlation between
residue assignment and (B) relative solvent accessibility (RSA) (C) predicted changes in stability by
natural amino acid substitutions (D) number of deleterious substitutions according to SIFT, and (E)
significant enrichments of functional residues within TSRs. Function annotations downloaded from
Uniprot (F) Substitution sensitivity map for Pgk1. Each point represents the effect of a ncAA substitution
at a specific position within Pgk1. The color represents the effect of that ncAA on Pgk1 stability. The
lines at the top of the plot represent residue assignment, i.e., TSR or non-TSR. Residues without
assignments did not pass our filters for statistical testing. (G) cluster of destabilizing substitutions in the
N-terminal domain of Pgk1. (H) Cluster of destabilizing substitutions in the “hinge” region of Pgk1.
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substitutions mapping to those sites, we took the substitution and ∆Rs values that had the most

statistically-significant effect on protein stability. We then applied a final filtering criterion of

requiring proteins to have multiple residues in TSRs and non-TSRs. After this filter, we applied

our pipeline to 28,542 residues, 15,619 of which passed filters for statistical testing (minimum of

two residues where we quantified an ncAA substitution). Out of these, a total of 3,043 were

assigned to TSRs (BH-adjusted p-value < 0.05, permutation test for ∆Rs of cluster) (Figure

3.6A).

We next asked whether TSR residues were reflective of structural or functional features of

proteins. Our analysis revealed significant correlations between TSR residues and solvent

accessibility (Figure 3.6B, p-value < 2.22 x 10-16, Wilcoxon-rank sum test), predicted ∆∆G of all

19 natural substitutions (FIgure 3.6C, p-value = 0.00022, Wilcoxon-rank sum test), and the

overall predicted deleteriousness of natural substitutions (Figure 3.6D, p-value = 6.3 x 10-9,

Wilcoxon-rank sum test). These data support the notion that residues sensitive to ncAA

substitutions are part of larger networks of important protein regions. We also found a modest

but significant enrichment of TSR residues known to be important for certain types of protein

functions. For example, there was an enrichment of residues important for small molecule

binding, active sites, metal binding, and binding to nucleotide triphosphates (Figure 3.6E,

p-value = 0.004604, Fisher’s Exact Test). Conversely, there was no difference in PTMs located

at TSR residues versus non-TSR residues. These data suggest that clusters of sensitive

residues may also pinpoint regions of function within proteins.

An example of this type of clustering can be found in the glycolytic enzyme, phosphoglycerate

kinase 1 (Pgk1) (Figure 3.6F). We quantified the effect of 112 ncAA substitutions (92 single and

20 double substitutions) at 82 different positions in Pgk1, 27 of which significantly altered Pgk1

stability (~24%). While the substitution sensitivity map yields insights into individual positions
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with particular sensitivity to ncAAs (Figure 3.6F), integrating ncAA sensitivity and TSR residues

reveals functional regions within Pgk1. For example, several TSR residues reside in the “hinge”

region of Pgk1, which is important for structural motions during catalysis (Figure 3.6H).

Additionally, these TSRs may shed light on regions of proteins that may have novel structural or

functional roles. For example, two surface-exposed clusters in the N-terminal domain are

sensitive to several ncAAs. There are no known “functions” for these regions.

3.4 Discussion

Sequence-function relationships frame our understanding of genome and proteome function.

Methods that probe these relationships at scale remain limited, hampering our mechanistic

interpretation of genetic variation and post-translational modifications, with implications for

clinical genetics, molecular evolution, and protein engineering. Here, we applied a

high-throughput thermal stability assay on eight different mistranslated proteomes, revealing

correlations between stability-altering ncAA substitutions and protein structure and function for

hundreds of proteins in yeast.

By coupling the same functional selection with multiple mistranslated proteomes, we could

begin to make generalizations about the basis for ncAA sensitivity. First and foremost, these

data support the fundamental idea that proteins are sensitive to amino acid substitutions,

regardless of whether those substitutions are of natural origin (cognate) or unnatural (ncAAs).

We quantified hundreds of amino acid residues in yeast proteins that were inhospitable to amino

acid change, even for the most “modest” of substitutions, such as fluorotryptophan (W1) (Figure

3.2).
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Second, the effect of a ncAA substitution (as stabilizing vs destabilizing) is, in and of itself,

informative to the molecular phenotype underlying the substitution’s effect. We observed strong

correlations between site-specific sensitivity of residues to ncAAs and structural features, such

as solvent accessibility, predicted ∆∆G, and residue centrality within protein structures, all of

which are paralleled by observations with cognate substitutions (Figure 3.3). Importantly, these

correlations were strongest for destabilizing substitutions, indicating that decreased protein

thermal stability is a universal feature of amino acid substitutions, regardless of their natural or

unnatural origins. However, we found several examples of stabilizing substitutions, many of

which did not correlate with protein structural features. Many of these stabilizing substitutions

may pinpoint residues with strong functional importance (Figure 3.4).

Third, different ncAA substitutions at the same residue can elicit different effects on stability,

very much like natural substitutions (Figure 3.5). In the context of this study, this result suggests

most of the residues that were tolerant to ncAA substitutions may, in-fact, be sensitive to other

substitutions or molecular contexts that we did not explore in this study. Furthermore, this results

suggests we could use Miro with multiple, structurally-similar ncAAs that replace the same

residue to probe targeted questions about residue function, e.g. what are the effects of

withdrawing increasingly more electron density from tyrosine residues with more fluorination?

Future studies that generate mistranslated proteomes with different substitutions occurring at

the same residues will yield additional molecular insights that have the potential to generalize

across proteins.

Fourth, integrating positional sensitivity across different mistranslated proteomes is informative

for elucidating protein function. As we show with Pgk1, despite quantifying ncAA sensitivity

across separate mistranslated proteomes and experiments, mapping their effects back to

protein sequence and structure reveals clustering in 3-dimensional space. Furthermore, these
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clusters illuminate residues known to be functional, such as the residues within the hinge region

of Pgk1. Spatial clustering of sensitive residues within a protein lines up with prior observations

of mutational hotspots and PTM hotspots in regulatory regions of proteins (K.-L. Huang et al.

2021; Beltrao et al. 2012).

The mistranslated proteomes we quantified here represent a small fraction of the total possible

substitution space. Part of this limited coverage is driven by constraints on solubility; the

modified PISA workflow we developed and implemented across mistranslated proteomes was

performed on native lysates. Porting these methods and systems into mammalian cells, which

are more amenable to in-cell thermal stability assays, may increase overall coverage. Advances

in mass spectrometry instrumentation and sample acquisition will also improve variant

coverage.

Lastly, we observed that only a small fraction of quantified substitutions impacted protein

thermal stability. While one explanation is that most residues are tolerant to ncAAs, an

alternative view is that residues may have sensitivities under specific contexts that are missing

in a lysate, for example, being in the presence of a small molecule or metabolite, or binding

partner. We envision these “tolerant” mistranslated proteomes are actually a benefit for Miro,

and open up applications coupling modified PISA with additional spike-ins or modifications. For

example, PISA and thermal proteome profiling have already been shown to be sensitive to

protein-protein, protein-RNA, and protein-small molecule interactions. We envision applying

these same modifications to large collections of protein variants to reveal context-specific

residue sensitivities, for example, residues involved in small molecule binding.

Mapping sequence-function relationships for all the proteins encoded within genomes remains a

monumental task, yet all the more important with the vast wealth of genomic and proteomic
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information accumulating in the last decade. Porting Miro into mammalian systems will begin

closing the gap on contextualizing the effects of substitutions at these sites in human proteins,

with potential impacts in clinical genetics. We envision the tools and methods presented here to

be highly modular and generalizable to a variety of systems and proteins to map protein

sequence-function relationships at scale.

3.5 Methods

3.5.1 Yeast strains

All experiments were done with the Saccharomyces cerevisiae haploid strain BY4741 (MATa

his3Δ1 leu2Δ0 met15Δ0 ura3Δ0), a direct descendant from FY2, which is itself a direct

descendant of S288C. The only exception was for the R1 mistranslated proteome, which were

done in the Saccharomyces cerevisiae haploid strain YMD1914, an arginine auxotroph.

3.5.2 Establishing dose-dependent toxicity and mistranslation in yeast

Cultures of BY4741 were grown overnight at 30˚C in synthetic complete media (SCM)

containing 6.7 g/L yeast nitrogen base, 2 g/L of synthetic complete mix minus lysine, 2%

glucose.  Cultures of YMD1914 were grown overnight in the same conditions as above, but with

the addition of 150 mg/L of proline and 75 mg/L of isotopically-heavy arginine (Arg6). These

cultures were used to seed fresh 60 mL cultures in matching fresh media to an OD of 0.1, and

grown for two additional doublings. When OD of the cultures reached 0.4, cultures were diluted

1:1 in a 96-well plate containing 100 µl of fresh matching media containing a ncAA of interest at
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one of eight concentrations (Table 1). Optical density of cultures was monitored for 18 hours in a

temperature-controlled plate reader (BioTek) measuring OD600 every 15 minutes.

Toxicity of each ncAA was assessed by comparing the area under the growth curve (AUC),

determined by summing the average OD measurements across the 18-24 hour time window for

each analog and concentration and normalizing relative to the set of control growth curves in

each plate. We established dose-response relationships by comparing relative AUC for each

analog and qualitatively selecting 3-5 concentrations around the IC50 for downstream

incorporation analysis by mass spec.

To assess incorporation, we grew single replicates of yeast in 20 mL of synthetic complete

media at 30˚C. We specifically used an overnight culture for each strain grown in the same

conditions mentioned above and used these cultures to seed 20 mL fresh strain-specific median

(see paragraphs above) and grew at 30˚C to a starting OD of 0.3, at which point cultures of

yeast were diluted 1:1 with fresh media containing heavy lysine and an analog of interest.

Cultures were harvested at OD 1.0 by centrifuging cultures at 8,000 x g and 4°C for 10 min. Cell

pellets were resuspended in ice-cold sterile water, pelleted at 21,000 x g and 4°C for 10 min,

snap-frozen in liquid nitrogen, and stored at -80°C until cell lysis and sample preparation. One

biological replicate was collected for each analog and concentration tested. For each analog, we

estimated site-level incorporation by dividing the MS1 signal intensity associated with a

ncAA-containing peptide by the MS1 signal intensity of the corresponding wildtype peptide. To

model the relationship between analog concentration and proteome-wide mistranslation, we fit a

linear model that incorporates analog concentrations and the median observed site-level

incorporation frequency. This model was then used to assess concentrations for generating the

mistranslated proteomes for downstream selection with modified PISA (Table 1).

Table 3.1. Concentrations of ncAAs tested for toxicity and mistranslation
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Non-canonical amino acid Toxicity screen
(mg/L)

Mistranslation
screen (mg/L)

Final [ncAA]

4-Fluoroglutamate 5000
2500
1250
625

312.5
156.25
78.125

39.0625

650
325

162.5
81.25

40.625

300 mg/L

Fluorophenylalanine 10000
5000
2500
1250
625

312.5
156.25
78.125

160
80
40
20
10

16 mg/L

Trifluoroleucine 5000
2500
1250
625

312.5
156.25
78.125

39.0625

2500
1250
625

312.5
156.25

80 mg/L

Azetidine-2-carboxylic acid N/A 500 100 mg/L

Thioproline 10000
5000
2500
1250
625

312.5
156.25
78.125

10000
5000
2500

7.5 g/L

Canavanine 600
300
150
75

180
120
80
54

75 mg/L
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37.5
18.75
9.375

4.6875

36

5-fluorotryptophan 5000
2500
1250
625

312.5
156.25
78.125

39.0625

1250
416.67
138.89

46.3
15.43

420 mg/L

Fluorotyrosine 5000
2500
1250
625

312.5
156.25
78.125

39.0625

650
216.67
72.22
24.07
8.02

100 mg/L

3.5.3 Generating mistranslated proteomes

Cultures of BY4741 were grown overnight at 30˚C in SCM containing 6.7 g/L yeast nitrogen

base, 2 g/L of synthetic complete mix minus lysine, 2% glucose. Cultures of YMD1914 were

grown overnight at 30˚C in SCM containing 6.7 g/L yeast nitrogen base, 2 g/L of synthetic

complete mix minus lysine, minus arginine, 75 mg/L isotopically-heavy arginine (Arg6), 150

mg/L proline, 2% glucose. These cultures were used to seed six fresh 60 mL cultures of the

same media composition for each strain at OD600 0.025, which were grown at 30˚C. When

cultures reached OD600 0.15, isotopically-heavy lysine was supplemented at 0.872 mM final

concentration, along with canavanine at the concentration listed below (Table 1).
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All cultures were harvested at OD600 ~ 1 by centrifugation in 50 mL Falcon tubes at 8,000 × g,

4˚C, for 10 min. Supernatant was decanted and yeast pellets were washed by resuspension in 1

mL ice-cold sterile water and centrifugation in 2 mL screw cap tubes at 21,000 × g, 4˚C, for 10

min. Yeast pellets were washed one more time by resuspension in 1 mL ice-cold sterile water,

split into two separate 2 mL screw cap tubes (500 µL each) at 21,000 × g, 4˚C, for 10 min;

supernatant was decanted and pellets were snap-frozen in liquid nitrogen and stored at −80˚C.

3.5.4 Thermal denaturation of mistranslated proteomes

Frozen yeast cell pellets were resuspended in 400 µL of non-denaturing lysis buffer (25 mM

HEPES pH 7.5, 75 mM NaCl) containing 0.25x protease inhibitors (Pierce) on ice. Cells were

lysed by bead beating with 0.5 mm zirconia/silica beads for 4 cycles of 60 seconds of

mechanical agitation followed by 90 seconds rest on ice. Lysates were clarified by sequential

centrifugation, first at 1,200 × g for 1 min to remove the beads and then at 21,000 × g for 10 min

at 4°C to remove cell debris. To bring all protein extracts to the same concentration, a BCA was

performed and an additional amount of lysis buffer was added to bring protein extracts to 2.5

mg/mL.

For each biological replicate, cell extracts were aliquoted into two strips of PCR tubes (1×8 for

the temperature gradient and 1×8 for the 30°C) dispensing 20 µL of protein extract per tube. All

samples were initially equilibrated to 30°C for 5 min. Temperature gradient samples were

subjected to 46.0°C, 47.2°C, 48.7°C, 50.3°C, 51.7°C, 53.2°C, 54.8°C, and 56.0°C, one tube to

each temperature, for 5 min. In parallel, controls were subjected to an additional 30.0°C

temperature treatment for 5 min. All samples were cooled down to room temperature for 5 min.

For each replicate, temperature gradient samples were all pooled into one tube and 30°C

controls were pooled into a separate tube prior to centrifugation at 17,100 × g for 60 min at 4°C.

The soluble protein fraction for the temperature gradient and 30.0˚C controls were combined 1:1
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with denaturing lysis buffer (25 mM HEPES pH 8.9, 75 mM NaCl, 9 M Urea). The 30.0˚C

controls were then diluted one more time, this time by combining 1:1 with equal mixture of

non-denaturing lysis buffer and denaturing lysis buffer (with buffer composition around 25 mM

HEPES pH 8.2, 75 mM NaCl, 4.5 M Urea). Protein concentration was measured with a BCA

assay.

3.5.5 Proteomics sample preparation and desalting

Protein samples were reduced with 5 mM dithiothreitol (DTT) for 30 min at 55°C, followed by

alkylation with 15 mM iodoacetamide for 30 min at room temperature in the dark. The alkylation

reaction was quenched with 5 mM DTT at room temperature for 15 min. The pH was adjusted to

8.5 with 1 M HEPES pH 8.9 and 100 µg of sample was digested overnight with Lysyl

endopeptidase (LysC; Wako Chemicals) at a 1:50 enzyme:substrate ratio. Digestion was

quenched with 10% trifluoroacetic acid (TFA) to a final concentration of 1.5% and pH ~2-3.

Peptide samples were desalted by solid-phase extraction over 2 mg Oasis HLB 96-well µElution

Plates using vacuum pressure. Packing material was conditioned with 200 µL methanol, 3 × 200

µL 100% acetonitrile, 200 µL 75% acetonitrile, 0.5% acetic acid, 200 µL 50% acetonitrile, 0.5%

acetic acid, 3 × 200 µL of 0.1% TFA. Peptides were then loaded under low vacuum pressure,

washed with 3 × 200 µL 0.1% TFA and 200 µl 0.5% acetic acid. Peptides were eluted into PCR

tubes with 50 µl of 50% acetonitrile, 0.5% acetic acid and 50µL 75% acetonitrile, 0.5% acetic

acid, and aliquoted into 15 µg aliquots for downstream labeling. All samples were lyophilized by

vacuum centrifugation and stored at −80°C before labeling with tandem mass tags (TMTs).

3.5.6 Peptide labeling and desalting

Peptide aliquots (20 µg) were resuspended in 20 µl of 100 mM HEPES pH 8.2, 30% acetonitrile,

and labeled with 5 µl of TMT10plex solution (equivalent to 50 µg of TMT10plex). Reactions were
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incubated at room temperature for 1 hour followed by a 15 min quench with 2.5 µl of 5%

hydroxylamine solution followed at room temperature. Samples were then pooled and acidified

to pH 2-3 using a final concentration of 1% TFA. Excess acetonitrile was removed by brief

vacuum centrifugation followed by desalting over a 50 mg Sep-Pak tC18 cartridge (Waters).

Packing material was washed with 1 mL methanol, 3 × 1 mL 100% acetonitrile, 1 mL 75%

acetonitrile, 0.5% acetic acid, 1 mL 50% acetonitrile, 0.5% acetic acid, and equilibrated with 3 ×

1 mL 0.1% TFA. Peptides were then loaded by gravity, washed with 3 × 1 mL 0.1% TFA and 1

mL 0.5% acetic acid. Peptides were eluted with 750 µL of 50% acetonitrile, 0.5% acetic acid and

750 µL 75% acetonitrile, 0.5% acetic acid. Samples were vortexed, dried by vacuum

centrifugation, and stored at −80°C before offline peptide fractionation.

3.5.7 Peptide fractionation

Peptides were fractionated by pentafluorophenyl reversed-phase fractionation (Grassetti, Hards,

and Gerber 2017) using a Waters XSelect HSS PFP 2.5 µm 2.1 x 150 mm column.

Approximately 100 µg of TMT-labeled peptides were resuspended in 100 µl of buffer A (3%

acetonitrile in 0.1% TFA) and separated with buffer B (95% acetonitrile in 0.1% TFA) along a 90

minute gradient (0–3 min: 3–10%, 3-63 min: 10–32%, 63–73 min: 32–55%, 73-74 min:

55%-95%, 74–79 min: 95%, 79–80 min: 95%-3%, 80-90 min: 3%) at 300 nl min−1. There were 48

fractions collected horizontally between 12 minutes and 60 minutes which were combined

vertically to 12 fractions. Fractions were dried by vacuum centrifugation and stored at -20˚C until

LC-MS analysis. Fractions were solubilized in 5% acetonitrile, 5% formic acid, and 500 ng of

each fraction was analyzed by LC-MS/MS.

3.5.8 Mass spectrometry data acquisition

3.5.8.1 Data-dependent acquisition of dose-dependent mistranslated yeast proteomes
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Lyophilized peptides were resuspended in 5% ACN, 5% formic acid and, using either an

EASY-nLC (1000 and 1200 series; ThermoFisher Scientific), loaded on a 100 µm x 3 cm trap

column packed with 3 µm C18 beads (Dr Maisch), and separated on a 50˚C-heated 35 cm

analytical column packed with 1.9 µm C18 beads (Dr. Maisch) using a 90-minute gradient of

80% acetonitrile, 0.1% formic acid. Mass spectra were collected on either a Q-Exactive mass

spectrometer (Thermo Fisher Scientific) or Orbitrap Eclipse mass spectrometer (ThermoFisher

Scientific) using a data dependent acquisition method. For each cycle a full MS scan (300-1500

m/z, resolution 70,000, AGC target 3e6) was followed by MS/MS scans (isolation width 2.0 Da,

26% normalized collision energy, resolution 17,500, AGC target 5e4) on the top 20 most intense

precursor peaks.

3.5.8.2 Data-dependent acquisition of temperature-treated mistranslated proteomes

Lyophilized TMT-labeled peptide samples were resuspended in 5% ACN, 5% formic acid and

subjected to liquid chromatography coupled to tandem mass spectrometry (LC-MS/MS).

Fractions of TMT-labeled samples (0.5 µg - 1 µg) were collected on an Orbitrap Eclipse mass

spectrometer (ThermoFisher Scientific) coupled to an EASY-nLC 1200 LC (ThermoFisher

Scientific). Peptides were loaded on a 100 µm x 3 cm trap column packed with 3 µm C18 beads

(Dr. Maisch) and separated on a 50˚C-heated 35 cm analytical column packed with 1.9 µm C18

beads (Dr. Maisch) using a 90-minute gradient of 80% acetonitrile, 0.1% formic acid. Peptides

were analyzed online using data-dependent acquisition using an MS3-based method with real

time search and 3-second cycle time. First, MS1 data were collected using the Orbitrap

(120,000 resolution; maximum injection time 50 ms; AGC 4e5, mass range 400-1600 m/z,

charge states 2-6, dynamic exclusion 30 seconds). MS2 scans of the most intense precursors

were performed in the ion trap with CID fragmentation (isolation window 0.8 Da, rapid, NCE

35%, maximum injection time 50 ms; AGC 1e4). An online real-time search algorithm
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(Schweppe et al. 2020) was used to search spectra against a yeast FASTA database (static

modifications: TMT10plex on N-terminus and lysines; variable modifications: mass shift

associated with ncAA, heavy lysine, methionine oxidation) with maximum 1 missed cleavage

and 3 variable modifications. MS2 scans that passed custom RTS thresholds (Charge 2

precursors: Xcorr > 0.75; Charge 3+ precursors: Xcorr > 1.25; all charge states: PPM error < 20,

dCn > 0.1) were sent for MS3 quantification. The top 10 matching fragment ions were isolated

using synchronous precursor selection (McAlister et al. 2014) followed by HCD fragmentation

and collected for an MS3 scan in the Orbitrap (resolution of 60,000, NCE of 55%, maximum

injection time of 120 ms, isolation window 0.8 Da, and AGC of 1e5). Dynamic exclusion was

enabled to exclude fragmented precursors from repeated MS/MS selection for 60 sec.

3.5.9 Mass spectrometry data processing

Raw files were converted to mzML formats using msconvert, and MS/MS spectra were

searched against a target/decoy protein sequence database using Comet (v2019.01.02)(Eng,

Jahan, and Hoopmann 2013). Saccharomyces cerevisiae (orf_trans_all.fasta downloaded from

the Saccharomyces Genome Database in 2014). Mass tolerance search parameters were

adjusted to acquisition instruments following recommendations by Comet source website, i.e. 20

ppm precursor mass tolerance (Orbitrap), 0.02 Da fragment tolerance for MS/MS acquired on

an orbitrap mass analyzer and 0.6 Da tolerance with 0.4 Da offset for MS/MS acquired on a

linear ion trap mass analyzer. For all data collected using real time search, ion trap mass

tolerances were set to match the RTS version, i.e., in this case 0.6 Da tolerance with 0.4 Da

offset. LysC was selected as the digestive enzyme with a maximum of 2 missed cleavages,

constant carbamidomethylation modification of cysteines (+57.0215 Da) and variable

modifications of methionine oxidation (+15.9949 Da). Variable modifications were also used to

search for the incorporation of non-canonical amino acids (Table 2). For instance, variable
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modification of -14.0156 Da on proline residues reported for the substitution of proline with

azetidine-2-carboxylic acid. Dynamic SILAC samples were searched with light lysine (K0) and

heavy (K8, +8.0142 Da) variable modifications in binary mode. TMT-labeled samples were

searched with constant modification (+229.1629 Da) on lysines and peptide N-termini. Search

results were filtered with Percolator (Percolator version 3.01) (Käll et al. 2007) to 1% false

discovery rate at the PSM level. Peptide abundance was determined using in-house

quantification software to extract MS1 intensity or TMT reporter ion intensities.

Table 3.2. Mass shifts searched in offline comet and real time search for in each ncAA

Non-canonical amino acid Compound I.D. Variable modification mass shift

4-Fluoro-DL-glutamate E1 +17.99057813134

Fluorophenylalanine F2 +17.99057813134

Trifluoroleucine L4 +53.97173439402

Azetidine-2-carboxylic acid P1 -14.01565006452

Thioproline P3 +17.95642111038

Canavanine R1 -4.04086445552

5-fluorotryptophan W1 +17.99057813134

Fluorotyrosine Y1 +17.99057813134

3.5.10 Quantifying peptide- and protein-level relative stability

For each mistranslated proteome, all scan-level TMT reporter ion intensities were first corrected

for isotopic difference, followed by correcting for differences in sample loading by summing

reporter ion intensities across each of the ten TMT channels and applying correction factors so

that summed intensities were the same across all channels. Importantly, we normalized the

30˚C and temperature gradient channels separately, since the proteomic composition was
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known to be different between the 30˚C samples and the temperature gradient-treated samples.

We also removed a subset of scans containing reporter ions with reproducibly-high variance that

was completely agnostic to the peptide or protein identifications and quantifications. Specifically,

we applied a peptide and protein agnostic percentile cutoff for each mistranslated proteome,

removing scans with CVs for either the 30˚C or the temperature gradient samples in the top 1%.

Lastly, to account for potential systematic differences in the distribution of relative stability, a

correction factor was applied to each mistranslated proteome such that the dominant peak of

non-melting proteins all aligned at an Rs value equal to 100%. The relative stability for each

peptide was quantified using the equation below. Lastly, protein relative stability was determined

as the median Rs value for all peptides quantified for that protein, with a requirement of at least

two unique peptides quantified per protein.

𝑅
𝑠
 =

𝑅𝑒𝑝𝑜𝑟𝑡𝑒𝑟 𝑖𝑜𝑛 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦
𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡

𝑅𝑒𝑝𝑜𝑟𝑡𝑒𝑟 𝑖𝑜𝑛 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦
30˚𝐶 𝑐𝑜𝑛𝑡𝑟𝑜𝑙

 × 2  ×  100

3.5.11 Identifying stability-altering substitutions

To identify substitutions that significantly alter protein thermal stability, we compared the Rs

values of ncAA-containing peptides against wildtype peptides using a paired t-test in R and

limma. Specifically, we first required that all comparisons were between fully tryptic peptides

containing a heavy lysine. Second, to consolidate from peptide-level to site-level quantifications,

we required that all versions of peptide mapping to the same site be seen in the ncAA and

wildtype form (i.e. if one of the versions is a methionine oxidized peptide, then the oxidized

version must have been quantified for both the ncAA and wildtype peptide). Then, after ensuring

overlap between ncAA and wildtype peptides, we collapsed peptides into site-level

quantifications by taking the median Rs value for each replicate. We then compared the ncAA Rs

82



value with the wildtype Rs value using a paired t-test in R with the limma package, accounting

for mean-variance relationships. All p-values were corrected for multiple hypothesis testing

using Benjamini-Hochberg correction. Statistical testing, p-values, and p-value corrections were

done separately for each mistranslated to control for sample-specific effects on protein stability.

Lastly, to determine an effect size cutoff, we required that ∆Rs of ncAA substitutions be greater

than the median standard deviation ∆Rs across mistranslated proteomes between wildtype

peptides and their corresponding protein-level Rs values.

3.5.12 Bioinformatics

We assessed the structural and evolutionary context for all residues where we detected a ncAA

substitution using a variety of computational tools. For all analyses, we only used peptides

containing a single ncAA substitution.

For structural analysis, we downloaded PDB files of predicted protein structures from AlphaFold

(Jumper et al. 2021) (downloaded 2021-09-21). We extract solvent accessibility for each residue

using DSSP (Kabsch and Sander 1983) with the Bio3d package in R (Grant et al. 2006). We

calculated relative solvent accessibility by dividing the solvent accessible surface area (SASA)

output from DSSP (Kabsch and Sander 1983) by a list of maximum SASA per residue (Tien et

al. 2013). Prediction scores were extracted from each PDB file, and residues with prediction

scores less than 70 were excluded from our analysis. Residues with omega bond angles

between -30˚ and 30˚ were considered to reside in cis. Disordered predictions for each residue

in the yeast proteome were downloaded from http://bioinfadmin.cs.ucl.ac.uk/disodb/. A

disordered region was defined as a segment of 30 or more consecutive residues in a protein

with a prediction of being disordered.

In order to compare the effects of natural amino acid substitutions with ncAA substitutions, we

downloaded the entire in silico mutagenesis dataset (both the homology-based and
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experimental models) and all SIFT scores for the yeast proteome from the mutfunc database

(Wagih et al. 2018). We then calculated a mean ∆∆G and summed the number of “deleterious”

natural substitutions (SIFT score < 0.05) for each residue and used those values as

representative of the overall mutational sensitivity of a residue.

To identify thermally-sensitive regions, we developed a statistical pipeline that took the following

approach: (1) first, we established a null distribution of ∆Rs values for each protein by generating

10000 random permutations of the observed ∆Rs for each replicate, shuffling the randomizing

position ∆Rs. Importantly, we took the absolute value of ∆Rs at this point before proceeding

further. We then calculated the median permuted ∆Rs for each position and each permutation.

(2) Next, we performed an in silico “scan” for each protein by moving along primary amino acid

sequence, one residue at a time, and extracting all neighboring residues within 5 Å (which

included the residue of interest) where we quantified the effect of a ncAA substitution. We

defined this set of neighboring residues as a “cluster”. We then calculated a “cluster”-specific

∆Rs for both the observed dataset and the 10000 permutations by taking the median absolute

∆Rs value for all observed residues surrounding that amino acid position. (3) We calculated a

cluster-specific p-value based on this empirical distribution, which was defined as:

𝑝 =
[𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 𝑎𝑏𝑠(∆𝑅𝑠

𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑
) < 𝑎𝑏𝑠(∆𝑅𝑠

𝑝𝑒𝑟𝑚𝑢𝑡𝑒𝑑
)] + 1

10000 + 1

All p-values within each protein were corrected for multiple-hypothesis testing using the

Benjamini-Hochberg method in R. An important note - before p-value correction, we removed

any clusters that were composed of one or fewer ncAA substitutions (i.e. we required a

minimum of two observed ∆Rs).
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Lastly, clusters of residues that had a significantly higher absolute ∆Rs than what was observed

by chance (BH-corrected empirical p-value < 0.05) were all classified as “TSR” residues. Any

residues that did not fall into these clusters but were quantified by at least two ncAA

substitutions were classified as “non-TSR” residues. All remaining residues were classified as

“not tested”.

3.5.13 Data availability

All raw data used to generate the analyses presented in this paper will be available on

ProteomeXChange upon submission for publication.

3.5.14 Code availability

All R scripts to reproduce the figures and analysis generated here will be available on github

upon submission for publication of this manuscript.
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Chapter 4. Identifying residues important for small

molecule binding

This Chapter is based on unpublished observations
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4.1 Summary

Metabolites orchestrate a diverse array of molecular processes, from metabolic flux and

transcription, to cell signaling. They exert their effects by binding and altering the activity of

proteins. Despite the essential roles of metabolites in cell biology, their wide-spread interactions

with proteins, and the residues mediating these interactions, remain enigmatic and biased

towards a small subset of the proteome. Here, we present a novel approach to map

protein-metabolite interactions across proteomes at single amino acid resolution. This approach

involves first generating collections of mutant proteins using mistranslation with non-canonical

amino acids. Lysates of these proteomes are then incubated with a small molecule of interest,

followed by application of a high-throughput thermal stability assay to identify residues that lead

to dose-dependent changes in protein stability. We optimize this method to probe protein-ATP

interactions in yeast lysates and show that small molecule binding events can be detected in a

proteome containing proteome-wide fluoroglutamate mistranslation. We use the effects of

fluoroglutamate substitutions to identify glutamate residues that mediate direct and allosteric

binding to ATP. We envision this approach being generalizable to other biological systems and

workflows, enabling targeted biological questions, such as elucidating binding interfaces, or

catalytic residues, to be explored proteome-wide and at single amino acid resolution.

4.2 Introduction

Protein functions are dynamically tuned by their interactions with metabolites. Through a variety

of mechanisms, metabolites bind proteins and regulate metabolic flux (Gerhart and Pardee

1962), alter a protein’s biomolecular interactions with DNA (Gilbert and Muller-Hill 1966) and

other proteins (Piazza et al. 2018), and modulate transcriptional (Sellick and Reece 2003),

enzymatic (Gerhart and Pardee 1962), and signaling activity (X. Li et al. 2010). These regulatory

interactions inform the cell about nutrient supply, bioenergetic status, and metabolic

87

https://paperpile.com/c/5Gh8cO/8WLt6
https://paperpile.com/c/5Gh8cO/8WLt6
https://paperpile.com/c/5Gh8cO/1fYGE
https://paperpile.com/c/5Gh8cO/DLFWm
https://paperpile.com/c/5Gh8cO/gVquF
https://paperpile.com/c/5Gh8cO/8WLt6
https://paperpile.com/c/5Gh8cO/fv56E


homeostasis, enabling real-time decisions regarding growth, proliferation, and survival. Despite

their fundamental importance to cell and organismal biology, the amino acid residues mediating

these interactions remain poorly understood.

Protein-metabolite interactions have traditionally been studied using a combination of

biophysical and biochemical approaches, such as circular dichroism (Greenfield and Fasman

1969), nuclear magnetic resonance (Shuker et al. 1996), and differential scanning calorimetry

(Jelesarov and Bosshard 1999). While tried-and-true, these methods are unable to scale to

entire proteomes. More recently, mass spectrometry-based methods have emerged that capture

protein-metabolite interactions by exploiting changes in protein structure upon metabolite

binding. These methods have identified protein-metabolite interactions by measuring changes in

protease susceptibility (Feng, De Franceschi, Kahraman, Soste, Melnik, Boersema, de Laureto,

et al. 2014; Piazza et al. 2018), oxidation (Tran, Adhikari, and Fitzgerald 2014), and thermal

stability (Savitski et al. 2014; Reinhard et al. 2015; Huber et al. 2015). These same principles

have also been used to identify interactions between proteins in the same complex (Tan et al.

2018; Becher et al. 2018; Piazza et al. 2018). However, these methods have yet to pinpoint

individual residues important for a protein-metabolite interaction.

We recently developed Miro, a proteomics method that maps sequence-function relationships at

single amino acid resolution proteome-wide (Rodriguez-Mias et al. 2022). The method works by

generating proteomes containing proteome-wide mistranslation with non-canonical amino acids

(ncAAs) and then quantifying the effects of these ncAA substitutions using classic biochemical

assays with a mass spectrometry-based readout. We recently coupled Miro with a

high-throughput stability assay, quantifying the effects of close to 9000 amino acid substitutions

in >700 yeast proteins. One surprising observation was that the majority of ncAA substitutions

(>90%) did not alter protein thermal stability. However, the ability to generate a large collection
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of protein variants that are only mildly altered in their stability opens the door to the possibility of

a variety of secondary functional selections that can help “sensitize” or “unmask” the effect of a

ncAA substitution under a specific condition.

Here, we showcase a novel extension of Miro that capitalizes on this idea of secondary

selections to identify protein-small molecule interactions proteome-wide. Specifically, we couple

a fluoroglutamate-mistranslated proteome with or without ATP, and detect binding events by

measuring ATP-dependent changes in protein thermal stability. We first highlight the importance

of temperature window selection when coupling our high-throughput stability assay with small

molecules. We then go on to identify ATP-binding proteins in mistranslated proteomes by their

ATP-induced stabilization. Lastly, we couple these assays to different concentrations of ATP to

identify individual residues with concentration-dependent sensitivities. Some of these residues

are known binding sites, but several are residues that exist outside ATP-binding pockets,

highlighting the unique ability of Miro to potentially identify residues important for allosteric

interactions. The method presented here will broaden our understanding of sequence and

structural factors governing protein-metabolite interactions.

4.3 Results

Identifying ATP-sensitive yeast proteins with modified PISA

We recently developed a modified version of the proteome integral solubility assay (PISA)

(Gaetani et al. 2019) that extends this stability assay to measure relative stability (Rs), a protein

parameter akin to melting temperatures measured by Thermal Proteome Profiling (Savitski et al.

2014). This approach, which we will refer to here as modified PISA, can be used to assess

changes in protein stability across conditions and proteins. Here, we sought to extend modified

PISA to measure metabolite-induced changes in protein thermal stability.
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We first set out to optimize modified PISA for detecting small molecule binding events in a

lysate. We focused on narrow temperature windows for thermal denaturation to increase the

sensitivity for metabolite-induced changes in protein stability (J. Li, Van Vranken, Paulo, et al.

2020) and benchmarked our approach using ATP, given its regulatory and catalytic roles, and

widespread interactions with the yeast proteome. For thermal denaturation, we used four narrow

temperature ranges (T1 through T5) between 48˚C and 58˚C (listed in Figure 4.1A, left panel,

and Methods). Wildtype yeast lysates were incubated with either 1x PBS or 1x PBS + 10 mM

ATP for 10 minutes before heating to either 30˚C or temperatures between 48˚C and 58˚C. After

thermal denaturation, lysates were pooled, aggregates were discarded by centrifugation, and

soluble fractions were processed for downstream analysis by mass spectrometry.

As expected, the global distribution protein Rs correlated with each temperature window, with a

systematic shift towards lower Rs values as temperatures increased (Figure 4.1A, left panel).

We also noticed a mild global stabilizing effect by 10 mM ATP (Figure 4.1A, right  panel). A more

targeted protein analysis revealed systematic stabilization of known nucleotide (ADP/ATP,

GDP/GTP)-binding proteins by 10 mM ATP (Figure 4.1B). However, the degree of

ATP-dependent stabilization varied across the five temperature windows (Figure 4.1C). For

example, Actin (Act1) was completely stabilized by 10 mM ATP and resistant to thermal

denaturation across all five temperature windows (Figure 4.1C, left panel). Conversely, ATP had

no effect on aspartyl-tRNA synthetase (AspRS), as evident by the lack of precipitation within any

of the temperature windows tested (Figure 4.1C, middle panel). Lastly, Hsp82 represents an

example of many ATP-sensitive proteins for which the choice of temperature window (and likely

the choice of ATP concentration) played an important role in detecting ATP-dependent

stabilization (Figure 4.1C, right panel). At lower temperature windows (T1, T2), the observed

difference in protein stability (∆Rs) was minimal. However, at higher temperature windows

90

https://paperpile.com/c/5Gh8cO/Y9eoZ
https://paperpile.com/c/5Gh8cO/Y9eoZ


Figure 4.1. A modified high-throughput stability assay to probe the effects
of metabolites on protein thermal stability.
(A) Distribution of protein relative stability (Rs) across five different temperature windows applied on
yeast lysates with or without 10 mM ATP (n = 887 yeast proteins in each distribution). (B) Difference in
protein Rs in the presence or absence of 10 mM ATP across five temperature windows. (C)
Temperature window- and ATP-dependent protein Rs measurements for three example proteins that
are known ATP-binding proteins. (D) Number of yeast proteins that are stabilized or destabilized in the
presence of 10 mM ATP. Proteins were called as stabilized or destabilized if the absolute value of their
measured ∆Rs was greater than 25. (E) Euler plot showing the overlap of proteins with altered stability
across the five temperature windows tested here.
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(T3, T4, T5), 10 mM had a substantial effect on Hsp82 thermal stability. These proteins highlight

the importance of temperature windows in allowing the detection of small molecule-induced

changes in protein stability.

Each temperature window tested here captured different subsets of the yeast proteome altered

by 10 mM ATP. Because we acquired only one replicate across temperature windows and

treatments, we applied a stringent qualitative cutoff to identify proteins that were “destabilized”

or “stabilized” by ATP. Proteins with a ∆Rs < -25 in the presence of 10 mM ATP were considered

destabilized, and proteins with a ∆Rs > 25 were considered stabilized. Proteins that were

destabilized by 10 mM ATP (Figure 4.1D) were enriched for ribosomal proteins, whereas

proteins stabilized by 10 mM ATP were enriched for nucleotide-binding proteins (Figure 4.1D).

Each temperature window captured unique subsets of the yeast proteome stabilized by ATP

(Figure 4.1E; right euler plot). This finding is in direct contrast to destabilized proteins, which

were shared across the temperature windows (Figure 4.1E; left euler plot). Taken together,

these data illustrate the importance of temperature selection in PISA when quantifying

metabolite-induced changes in protein stability.

Identifying ATP-sensitive proteins in a mistranslated proteome

Next, we asked whether we could detect ATP-binding proteins in the context of a mistranslated

proteome. To do this, we generated yeast proteomes containing proteome-wide fluoroglutamate

substitutions at glutamate residues and coupled these proteomes with different concentrations

of ATP (0 mM, 2 mM, or 10 mM) (Figure 4.2A). We selected fluoroglutamate due to (1) its ease

of incorporation across the proteome; (2) its relatively mild effect on protein stability; and (3) the

involvement in several yeast proteins of glutamate residues in interactions with ATP. Specifically,

we generated four biological replicates of yeast exposed to fluoroglutamate and incubated
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lysates of these samples with ATP (0 mM, 2 mM, or 10 mM) for 10 minutes, followed by heating

at one of several temperatures between 51.5˚C and 55.5˚C. In addition to the

temperature-treated samples, we treated the same lysate at 30˚C as a control with or without 10

mM ATP (i.e. the highest concentration tested here) to assess for indirect effects of ATP on

protein stability.

After stringent filtering, we quantified ATP-dependent changes in stability for 694 yeast proteins

(Figure 4.2A). We assessed whether the introduction of ATP resulted in a global

dose-dependent shift in protein stability. At the 2 mM treatment, 50 proteins had a significant

change in stability (7.2% of the quantified proteome) (Figure 4.2B), with a strong bias towards

stabilizing effects compared to destabilizing (43 stabilized vs 7 destabilized) (Figure 4.2C). In

the presence of 10 mM ATP, 215 proteins had a significant change in stability (31% of

proteome) (Figure 4.2B), with the same bias towards stabilizing effects, although there was a

larger fraction of protein that were destabilized by ATP at this concentration (129 stabilized vs

86 destabilized) (Figure 4.2C).  In our control treatment (10 mM ATP in a 30˚C treated lysate),

we identified 86 proteins with a significant change in “stability”. These proteins were strongly

enriched for ribosomal proteins, which suggests that there is a significant pool of ribosomes that

are insoluble at lower temperatures, as observed previously (Sridharan et al. 2019). Additionally,

two proteins showed a significant decrease in stability in the control sample, one of which was

Ndk1, a protein involved in transferring gamma phosphates from ATP to other nucleotide

diphosphates (such as ADP or GDP).

For both the 2 mM and 10 mM ATP treatments, proteins stabilized by ATP were enriched for

known ADP and ATP binding proteins (Figure 4.2C). By contrast, proteins destabilized by 10

mM were enriched for ribosomal proteins; however, this effect is likely non-specific given

changes in solubility induced by 10 mM that we observed in the control (Figure 4.2C). Lastly, we
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Figure 4.2. Detecting protein-metabolite interactions in a mistranslated
proteome.
(A) Distribution of median protein stability (Rs) across different treatment conditions. (B) Volcano plots
indicating protein stability differences with and without ATP and associated significance. (C) Total
number of proteins with a significant change in stability and their assignment as ADP/ATP binders,
ribosomal proteins, or other. (D) Examples of three proteins where ATP causes a shift in stability. All
three are known ATP-binding proteins, but show different sensitivities to 2 mM and 10 mM ATP.
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plotted three example dose-response curves for known ATP-binding proteins: Act1, Ade1, and

Uba1 (Figure 4.2D). Similar to what we observed in wildtype yeast (Figure 4.1C), these proteins

illustrate different sensitivities to ATP that were observevd across 5-fold differences in ATP

concentration. These data also highlight the utility of probing changes in protein stability across

different metabolite concentrations.

Mapping ATP-sensitive glutamate residues in Pgk1

Next, we asked whether we could identify ATP-binding sites within proteins. We compared

wildtype peptides with ncAA-containing peptides, looking for differences in ATP-induced

changes in protein thermal stability. As an initial benchmark within our dataset, we focused on

glutamate residues in phosphoglycerate kinase (Pgk1). We focused on Pgk1 for several

reasons. First, Pgk1 is an ADP and ATP-binding protein, and we observed ATP-induced

stabilizing of Pgk1 in the presence of ATP. Second, Pgk1 is an abundant protein in yeast and

potentially provides the best coverage of substitution effects. Lastly, at least one glutamic acid

residue (Glu342) is known to be important for Pgk1’s interaction with nucleotides.

In total, we quantified the effect of 22 fluoroglutamate substitutions on Pgk1 stability. In general,

most residues were tolerant to fluoroglutamate, with only five substitutions showing a change in

Pgk1 stability in the absence of ATP (Figure 4.3, heatmap). However, incubating these lysates

with different concentrations of ATP unmasked an intolerance of several residues that were

previously tolerant. Almost all of the observed changes were significantly destabilizing

compared to their wildtype counterparts (Figure 4.3).

For example, we captured the peptide that spans the only glutamate known in Pgk1 to mediate

binding with ATP (peptide: TIVWNGPPGVFEFEK, spanning Glu342) (Figure 4.3A). We
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measured three different fluoroglutamate-containing versions of this peptide (single

incorporation at Glu342, single incorporation at Glu344, and double incorporation at Glu342 and

Glu344). In the absence of ATP, only the double substitution at Glu342,344 significantly

destabilized Pgk1, while substitutions at Glu342 or Glu344 had no effect on Pgk1 stability.

However, substitutions at Glu342 (both the single and double incorporated peptide) led to

significantly less stabilization by 2 mM ATP compared to wildtype and single substitutions at

Glu344, strongly suggesting that Glu342 is important for ATP binding. One possible explanation

for this decreased stabilization is that adding a fluorine group to Glu342 (as fluoroglutamate)

decreases the electron density to maintain a strong interaction with ATP (relative to wildtype). Of

note, incorporation of fluoroglutamate at 342 or 344 did not impact overall Pgk1 stability (see the

0 mM condition), indicating that these sites are only moderately contributing to overall Pgk1

stability.

In addition to identifying metabolite-binding sites using ncAAs, we also identified sites outside of

the known ATP-binding pocket in Pgk1 that are (1) important for Pgk1 stability; or (2) sensitive

only at certain ATP concentrations. For example, fluoroglutamate substitutions at Glu356

destabilized Pgk1 but did not alter ATP-induced stabilization of Pgk1 (Figure 4.3B). Conversely,

fluoroglutamate substitutions at Glu200 did not alter Pgk1 stability in the absence of ATP, but

affected ATP-induced stabilization of Pgk1 (Figure 4.3C). While Glu200 is outside the

nucleotide-binding pocket of Pgk1, this residue is within the “hinge” region, a critical molecular

juncture for Pgk1 and its catalytic lifecycle. These data suggest that this glutamate residue may

be important for mediating conformational changes resulting from ATP binding.
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Figure 4.3. Mapping ATP-sensitive residues within phosphoglycerate
kinase.
The effect of fluoroglutamate substitutions at (A) Glu342 and Glu344, (B) Glu356, and (C) Glu200 on
Pgk1 stability and ATP-dependent stabilization of Pgk1. Bottom panel: heatmap showing change in
Pgk1 stability across four treatment conditions. Fill color represents the ∆Rs relative to the matching
wildtype peptides. Black borders represent sites where fluoroglutamate had a statistically significant
effect on Pgk1 stability (BH-adjusted p-value < 0.05). Glutamate residues containing two residues listed
are cases where we quantified the ncAA-containing peptide with fluoroglutamate at both positions.
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Identifying ATP-sensitive residues proteome-wide

Lastly, we assessed the dose-dependent behavior of fluoroglutamate substitutions

proteome-wide. After stringent filtering, we quantified dose-dependent change in stability for 434

fluoroglutamate substitutions across 116 yeast proteins, with 129 of these substitutions

occurring in 29 known ADP- or ATP-binding proteins (Figure 4.4A). Globally, we quantified 108

different substitutions with a significant effect on protein thermal stability in at least one of the

conditions tested (Figure 4.4C). Notably, the 30˚C control sample with 10 mM ATP was the only

condition without any substitutions significantly altering stability (Figure 4.4B).

We systematically tracked changes in thermal stability for the 108 substitutions that had a

significant effect in at least one condition (Figure 4.4C). A few patterns emerged from this kind

of analysis. First, the addition of increasing concentrations of ATP to the lysate not only

increased protein stability, but also reduced the number of substitutions that had a destabilizing

effect on protein stability (Figure 4.4C, destabilizing substitutions). Conversely, stabilizing

substitutions were less interpretable, with several substitutions having a stabilizing effect, but

only at specific ATP concentrations (Figure 4.4C, stabilizing substitutions). Second, many

substitutions had a significant effect on protein stability that was ATP-dependent, while only a

small fraction of substitutions had a systematic effect on protein stability across all

concentrations of ATP (Figure 4.4C, tracking non-significant substitutions).

A deeper look at three example substitutions in three different ATP-sensitive proteins (Figure

4.4D-F) reveals dose-dependent changes in protein stability that mirror some of the patterns we

observed in Pgk1 (Figure 4.3). For example, we detected substitutions that significantly altered

protein stability regardless of ATP concentration, such as fluoroglutamate incorporation at

Glu178 in glycerol-3-phosphate phosphatase (Figure 4.4D), as shown previously in Chapter 3
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Figure 4.4. Proteome-wide discovery of ATP-sensitive glutamate
residues.
(A) Total number of glutamate residues (sites) and proteins quantified in our assay. Fill color indicates
residues found in ADP/ATP binding proteins. (B) Volcano plots illustrating the effect of fluoroglutamate
substitutions on protein thermal stability. (C) Alluvial plot tracking the ATP-dependent effects of
fluoroglutamate substitutions on protein thermal stability. Fill colors represent the effect of a
substitution. The lines in between bar plots represent the change in substitution effect between the
different conditions. (D-E) Three examples of fluoroglutamates substitutions within three different
proteins that significantly alter protein stability in at least one of the tested ATP concentrations.
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(Figure 3.3). We also detected substitutions that did not alter protein stability in the absence of

ATP, but were destabilizing in the presence of ATP. For example, substitutions at Glu480 in

asparagine synthetase (Asn1) did not affect Asn1 stability until ATP was added to the lysate,

mirroring some of the patterns observed with Glu200 in Pgk1 (Figure 4.3C). Lastly, we observed

substitutions in a novel ATP-sensitive protein, phosphoglycerate mutase (Gpm1), that may

pinpoint specific residues moderating its sensitivity. For example, substitutions at Glu70

significantly stabilized Gpm1, regardless of ATP concentration. However, the relative change in

stability across concentrations was diminished compared to wildtype Gpm1, suggesting that

residue is important for ATP sensitivity of Gpm1.

4.4 Discussion

In this study, we describe a novel proteomics approach to identify residues important for small

molecule binding at a proteome-wide scale. This method involves first generating a collection of

protein variants through mistranslation with non-canonical amino acids (ncAAs) using Miro

(Rodriguez-Mias et al. 2022). Second, lysates of these mistranslated proteomes are incubated

with different concentrations of a small molecule and then analyzed by a high-throughput

thermal stability assay to quantify differences in protein stability across conditions. We first

optimized this stability assay for small molecule binding in yeast and then showed that we can

detect ATP-binding proteins in both wildtype yeast (Figure 4.1) and in mistranslated proteomes

(Figure 4.2). We identified glutamate residues known to mediate interactions with ATP using

ATP-dependent ncAA sensitivity as the primary readout (Figure 4.3).  Lastly, we showcase

several examples of ATP-sensitive glutamate residues across the yeast proteome that may be

involved in binding ATP, either directly (binding site) or indirectly (allosteric site).

100

https://paperpile.com/c/5Gh8cO/64ayY


As we show here, ncAAs substitutions provide unique advantages compared to conventional

cognate amino acid substitutions when mapping protein-small molecule interactions. Using

ncAAs enables precise chemical changes that target residue features important for

protein-small molecule interactions, such as residue side-chain pKa or side-chain length,

potentially affecting the docking behavior of a metabolite just enough to detect a change in

stability. In our case, the incorporation of fluoroglutamate at Glu342 in Pgk1 decreased

ATP-dependent stabilization of Pgk1, supporting a role for Glu342’s charge distribution or acidity

in mediating interactions with ATP.

Additionally, introducing targeted chemical changes with ncAA substitutions may offer an

opportunity to probe protein allostery without disrupting conformational protein ensembles (Tang

and Fenton 2017). These ncAA substitutions open the door to potentially mapping allosteric

residues, pinpointing allosteric binding sites of small molecules, and highlighting residues

involved in small molecule-induced molecular motions that enable small molecule binding. We

speculate that residues involved in ATP-induced conformational changes may explain a portion

of residues where we observed significant changes in stability only in the presence of ATP (Glu

200 in Pgk1, Figure 4.3C; Glu480 in Asn1, Figure 4.4E).

Taken in context, the method presented here is unbiased in mapping residues with direct

contact with small molecules or residues important for mediating these interactions in an

unbiased manner. We expect that coupling this workflow with multiple ncAA substitutions and

integrating these effects across conditions may help identify clusters of residues in

3-dimensional space that are sensitive to small molecules, which will illuminate novel binding

pockets on the surface of proteins. We also envision this approach helping to illuminate paths of

allostery within proteins by mapping residue sensitivity, very similar to what has been observed

with mutational libraries.
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Scaling these approaches to multiple mistranslated proteomes, small molecules,

concentrations, and temperatures will enable generalized principles of allostery across

proteomes. Additionally, sensitivity maps that converge ncAA sensitivity and small molecule

sensitivity will pave the way for comparative genomics to characterize the evolution of allosteric

regulation within individual proteins and protein families, a feat that has been difficult given the

evolvable nature of allostery and poor resolution of small molecule binding sites within proteins.

These approaches will enable integrated genome interpretation across species, helping

annotate the potential consequences of standing genetic variation in yeast, and potentially

clinical variation in humans. Lastly, these approaches can be ported to studying

therapeutically-relevant small molecule binding events, enabling the proteome-wide mapping of

therapeutic agents at single amino acid residue resolution, to help predict disease resistance

mechanisms and to advance the development of therapeutic allosteric modulators.

4.5 Methods

4.5.1 Yeast strains

All experiments here were done with the Saccharomyces cerevisiae haploid strain BY4741

(MATa his3Δ1 leu2Δ0 met15Δ0 ura3Δ0), a direct descendant from FY2, which is itself a direct

descendant of S288C.

4.5.2 Generating mistranslated proteomes

Cultures of BY4741 were grown overnight at 30˚C in SCM containing 6.7 g/L yeast nitrogen

base, 2 g/L of synthetic complete mix minus lysine, 2% glucose. These cultures were used to

seed four fresh 60 mL cultures at OD600 0.025, left growing at 30˚C. At OD600 0.15,
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isotopically-heavy lysine was supplemented at 0.872 mM final concentration, along with

fluoroglutamate at 80 mg/L. Cultures were harvested at OD600 ~ 1 by centrifugation in 50 mL

Falcon tubes at 8,000 × g, 4˚C, for 10 min. Supernatant was decanted and yeast pellets were

washed by resuspension in 1 mL ice-cold sterile water and centrifugation in 2 mL screw cap

tubes at 21,000 × g, 4˚C, for 10 min. Yeast pellets were washed one more time by resuspension

in 1 mL ice-cold sterile water, split into two separate 2 mL screw cap tubes (500 µL each) at

21,000 × g, 4˚C, for 10 min; supernatant was decanted and pellets were snap-frozen in liquid

nitrogen and stored at −80˚C.

4.5.3 Modified PISA

Frozen yeast cell pellets were resuspended in 450 µL of non-denaturing lysis buffer (25 mM

HEPES pH 7.5, 75 mM NaCl) containing 0.25x protease inhibitors (Pierce) on ice. Cells were

lysed by bead beating with 0.5 mm zirconia/silica beads for 4 cycles of 60 seconds of

mechanical agitation followed by 90 seconds rest on ice. Lysates were clarified by sequential

centrifugation, first at 1,200 × g for 1 min to remove the beads and then at 21,000 × g for 10 min

at 4°C to remove cell debris. To bring all protein extracts to the same concentration, a Bradford

Assay was performed and an additional amount of lysis buffer was added to bring protein

extracts to 1.5 mg/mL.

For each biological replicate, cell extracts were aliquoted into two strips of PCR tubes (1×8 for

the temperature gradient and 1×8 for the 30°C) dispensing 10 µL of protein extract per tube. All

samples were initially equilibrated to 30°C for 5 min. Temperature gradient samples were

subjected to 51.5°C, 52.7°C, 54.3°C, 55.5°C, one tube to each temperature, for 5 min. In

parallel, controls were subjected to an additional 30.0°C temperature treatment for 5 min. All

samples were cooled down to room temperature for 5 min. For each replicate, temperature

gradient samples were pooled into one tube and 30°C controls were pooled into a separate tube
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prior to centrifugation at 17,100 × g for 60 min at 4°C. The soluble protein fraction for the

temperature gradient and 30.0˚C controls were mixed with denaturing lysis buffer (1:1, 25 mM

HEPES pH 8.9, 75 mM NaCl, 9 M Urea). The 30.0˚C controls were then diluted one more time,

this time by combining 1:1 with equal mixture of non-denaturing lysis buffer and denaturing lysis

buffer (with buffer composition around 25 mM HEPES pH 8.2, 75 mM NaCl, 4.5 M Urea).

Protein concentration was measured with a BCA assay.

Table 4.1. Temperatures used for optimizing stability assay on wildtype

yeast

Temperature block Temperatures

T1 48.0˚C, 49.2˚C, 50.7˚C, 52.3˚C

T2 49.2˚C, 50.7˚C, 52.3˚C, 53.7˚C

T3 50.7˚C, 52.3˚C, 53.7˚C, 55.2˚C

T4 52.3˚C, 53.7˚C, 55.2˚C, 56.8˚C

T5 53.7˚C, 55.2˚C, 56.8˚C, 58.0˚C

4.5.4 Proteomics sample preparation and desalting

Protein samples were reduced with 5 mM dithiothreitol (DTT) for 30 min at 55°C, followed by

alkylation with 15 mM iodoacetamide for 30 min at room temperature in the dark. The alkylation

reaction was quenched with 5 mM DTT at room temperature for 15 min. The pH was adjusted to

8.5 with 1 M HEPES pH 8.9 and 25 µg of sample was digested overnight with Lysyl

endopeptidase (LysC; Wako Chemicals) at a 1:25 enzyme:substrate ratio. Digestion was

quenched with 10% trifluoroacetic acid (TFA) to a final concentration of 1.5% and pH ~2-3.
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Peptide samples were desalted by solid-phase extraction over 2 mg Oasis HLB 96-well µElution

Plates using vacuum pressure. Packing material was conditioned with 200 µL methanol, 3 × 200

µL 100% acetonitrile, 200 µL 75% acetonitrile, 0.5% acetic acid, 200 µL 50% acetonitrile, 0.5%

acetic acid, 3 × 200 µL of 0.1% TFA. Peptides were then loaded under low vacuum pressure,

washed with 3 × 200 µL 0.1% TFA and 200 µl 0.5% acetic acid. Peptides were eluted into PCR

tubes with 50 µl of 50% acetonitrile, 0.5% acetic acid and 50µL 75% acetonitrile, 0.5% acetic

acid, and aliquoted into 15 µg aliquots for downstream labeling. All samples were lyophilized by

vacuum centrifugation and stored at −80°C before labeling with tandem mass tags (TMTs).

4.5.5 Peptide labeling and desalting

Peptide aliquots (20 µg) were resuspended in 20 µl of 100 mM HEPES pH 8.2, 30% acetonitrile,

and labeled with 5 µl of TMT10plex solution (equivalent to 50 µg of TMT10plex). Reactions were

incubated at room temperature for 1 hour followed by a 15 min quench with 2.5 µl of 5%

hydroxylamine solution followed at room temperature. Samples were then pooled and acidified

to pH 2-3 using a final concentration of 1% TFA. Excess acetonitrile was removed by brief

vacuum centrifugation followed by desalting over a 50 mg Sep-Pak tC18 cartridge (Waters).

Packing material was washed with 1 mL methanol, 3 × 1 mL 100% acetonitrile, 1 mL 75%

acetonitrile, 0.5% acetic acid, 1 mL 50% acetonitrile, 0.5% acetic acid, and equilibrated with 3 ×

1 mL 0.1% TFA. Peptides were then loaded by gravity, washed with 3 × 1 mL 0.1% TFA and 1

mL 0.5% acetic acid. Peptides were eluted with 750 µL of 50% acetonitrile, 0.5% acetic acid and

750 µL 75% acetonitrile, 0.5% acetic acid. Samples were vortexed, dried by vacuum

centrifugation, and stored at −80°C before acquisition.

4.5.6 Mass spectrometry data acquisition

105



Lyophilized TMT-labeled peptide samples were resuspended in 5% ACN, 5% formic acid and

subjected to liquid chromatography coupled to tandem mass spectrometry (LC-MS/MS).

Duplicate injections of unfractionated samples for each sample were collected on an Orbitrap

Eclipse mass spectrometer (ThermoFisher Scientific) coupled to an EASY-nLC 1200 LC

(ThermoFisher Scientific). Peptides were loaded on a 100 µm x 3 cm trap column packed with 3

µm C18 beads (Dr. Maisch) and separated on a 50˚C-heated 35 cm analytical column packed

with 1.9 µm C18 beads (Dr. Maisch) using a 160-minute gradient of 80% acetonitrile, 0.1%

formic acid. Peptides were analyzed online using data-dependent acquisition using an

MS3-based method with real time search and 3-second cycle time. First, MS1 data were

collected using the Orbitrap (120,000 resolution; maximum injection time 50 ms; AGC 4e5, mass

range 400-1600 m/z, charge states 2-6, dynamic exclusion 30 seconds). MS2 scans of the most

intense precursors were performed in the ion trap with CID fragmentation (isolation window

0.8 Da, rapid, NCE 35%, maximum injection time 50 ms; AGC 1e4). An online real-time search

algorithm (Schweppe et al. 2020) was used to search spectra against a yeast FASTA database

(static modifications: TMT10plex on N-terminus and lysines; variable modifications: mass shift

associated with ncAA, heavy lysine, methionine oxidation) with maximum 1 missed cleavage

and 3 variable modifications. MS2 scans that passed RTS thresholds were sent for MS3

quantification. The top 10 matching fragment ions were isolated using synchronous precursor

selection (McAlister et al. 2014) followed by HCD fragmentation and collected for an MS3 scan

in the Orbitrap (resolution of 60,000, NCE of 55%, maximum injection time of 120 ms, isolation

window 0.8 Da, and AGC of 1e5). For one of the replicate injections (for wildtype yeast used for

the optimization PISA samples), turboTMT was used for the MS3 acquisition.

4.5.7 Mass spectrometry data processing

Raw files were converted to mzML formats using msconvert (version), and MS/MS spectra were

searched against a target/decoy protein sequence database using Comet (v2019.01.02) (Eng,
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Jahan, and Hoopmann 2013). Saccharomyces cerevisiae (orf_trans_all.fasta downloaded from

the Saccharomyces Genome Database in 2014). Mass tolerance search parameters were

adjusted to acquisition instruments following recommendations by Comet source website, i.e. 20

ppm precursor mass tolerance (Orbitrap), 0.02 Da fragment tolerance for MS/MS acquired on

an orbitrap mass analyzer and 0.6 Da tolerance with 0.4 Da offset for MS/MS acquired on a

linear ion trap mass analyzer. LysC was selected as the digestive enzyme with a maximum of 2

missed cleavages, constant carbamidomethylation modification of cysteines (+57.0215 Da) and

variable modifications of methionine oxidation (+15.9949 Da). Variable modifications were also

used to search for the incorporation of fluoroglutamate (+17.99057813134). Dynamic SILAC

samples were searched with light lysine (K0) and heavy (K8, +8.0142 Da) variable modifications

in binary mode. TMT-labeled samples were searched with constant modification (+229.1629 Da)

on lysines and peptide N-termini. Search results were filtered with Percolator (Percolator version

3.01) (Käll et al. 2007) to 1% false discovery rate at the PSM level. Peptide abundance was

determined using in-house quantification software to extract MS1 intensity or TMT reporter ion

intensities.

4.5.8 Quantifying peptide-level and protein-level relative stability

All scan-level TMT reporter ion intensities were first corrected for differences in sample loading

by summing reporter ion intensities across each of the TMT channels and applying correction

factors so that summed intensities were the same across all channels. A key difference with this

workflow: since the proteomic composition was known to be different between the 30˚C samples

and the temperature gradient-treated samples, sample loading normalization was applied

separately for each group and each ATP concentration. Lastly, to account for potential

systematic differences in the distribution of relative stability, a correction factor was applied to

each mistranslated proteome such that the dominant peak of non-melting proteins all aligned at

an Rs value equal to 100%. The relative stability for each peptide was quantified using the
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equation below. Lastly, protein relative stability was determined as the median Rs value for all

peptides quantified for that protein, with a requirement of at least two unique peptides quantified

per protein.

𝑅
𝑠
 =

𝑅𝑒𝑝𝑜𝑟𝑡𝑒𝑟 𝑖𝑜𝑛 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦
𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡

𝑅𝑒𝑝𝑜𝑟𝑡𝑒𝑟 𝑖𝑜𝑛 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦
30˚𝐶 𝑐𝑜𝑛𝑡𝑟𝑜𝑙

 × 2  ×  100

4.5.9 Identifying stability-altering substitutions

To identify substitutions that significantly alter protein thermal stability, we compared the Rs

values of ncAA-containing peptides against wildtype peptides using a paired t-test in R and

limma. Specifically, we first required that all comparisons were between fully tryptic peptides

containing a heavy lysine. Second, to consolidate from peptide-level to site-level quantifications,

we required that all versions of peptide mapping to the same site be seen in the ncAA and

wildtype form (i.e. if one of the versions is a methionine oxidized peptide, then the oxidized

version must have been quantified for both the ncAA and wildtype peptide). Then, after ensuring

overlap between ncAA and wildtype peptides, we collapsed peptides into site-level

quantifications by taking the median Rs value for each replicate. We then compared the ncAA Rs

value with the wildtype Rs value using a paired t-test in R with the limma package. All p-values

were corrected for multiple hypothesis testing using Benjamini-Hochberg correction. Statistical

testing, p-values, and p-value corrections were done separately for each mistranslated to

control for sample-specific effects on protein stability. Lastly, to determine an effect size cutoff,

we required that ∆Rs of ncAA substitutions be greater than the median standard deviation ∆Rs

across mistranslated proteomes between wildtype peptides and their corresponding

protein-level Rs values.
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4.5.10 Data availability

The raw data analyzed here will be posted to PRIDE upon submission of this manuscript to a

journal.

4.5.11 Code availability

All code used to generate the analyses above will be uploaded to GitLab upon submission of

this manuscript to a journal.
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Chapter 5. Identifying substrates of a protease

proteome-wide

This Chapter is based on unpublished observations

Author contributions: This Chapter represents a project that was a joint collaborative effort

between Kyle Hess (KH), Mario Leutert (ML), and Ian Smith (IS). ML generated the cell lines

and collected the experimental data for the Dynamic SILAC labeling experiment and KH

generated the Thermal Proteome Profiling (TPP) data. IS analyzed the Dynamic SILAC data

and wrote up the Dynamic SILAC labeling results. KH analyzed the TPP data and wrote up its

corresponding results. KH and IS contributed equally to the manuscript writing and figure

generation. Co-first authorship will be given at the time of publication.
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5.1 Summary
The SARS-CoV-2 main protease, NSP5, is essential for viral propagation and cleaves both viral

and host proteins with specificity towards the putative motif, LQ|[AS]. Here, in HEK293T cells,

we separately overexpressed wildtype NSP5, as well as controls of catalytically inactive NSP5,

and GFP. Following this overexpression, we subjected proteomes to dynamic SILAC labeling to

measure protein turnover and thermal proteome profiling (TPP) to measure protein thermal

stability proteome-wide. Using these functional readouts, we identified hundreds of proteins that,

only in the presence of catalytically active NSP5, had altered protein turnover or thermal

stability. Proteins with the LQ|[AS] motif that demonstrated an altered protein turnover tended to

have faster turnover in the presence of NSP5, supporting the idea that NSP5-cleaved

substrates generally are destabilized and have increased degradation upon cleavage. Using

protein-level or peptide-level readouts, we identified candidate NSP5 substrates, many of which

aligned with known NSP5 substrates and proteins containing the NSP5 motif. In combination

with N-terminomics, our protein thermal stability and protein turnover assays can unbiasedly

catalog NSP5’s protease substrates. The methods presented here enable unprecedented

functional insight into the consequences of a protein cleavage event on the protein and its

cleaved products.

5.2 Introduction
The positive-sense, single-stranded RNA virus, severe acute respiratory syndrome coronavirus

2 (SARS-CoV-2), responsible for the disease COVID-19, continues to be a major focus of

extensive research efforts to understand the molecular mechanisms that underlie viral infection

and to identify avenues for therapeutic intervention. Upon SARS-CoV-2 infection, the host

undergoes dramatic cellular and subcellular restructuring, leading to system-wide molecular

changes to the transcriptome (Stukalov et al. 2021), proteome (Stukalov et al. 2021; Bojkova et

al. 2020; Selkrig et al. 2021; Bouhaddou et al. 2020; Klann et al. 2020), ubiquitome (Stukalov et
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al. 2021), phosphoproteome (Stukalov et al. 2021; Bouhaddou et al. 2020; Klann et al. 2020),

protein interactome (Stukalov et al. 2021; Gordon et al. 2020; Laurent et al. 2020), translatome

(Bojkova et al. 2020), and proteome thermal stability (Selkrig et al. 2021). Despite vaccines,

SARS-CoV-2 infection still evades our immune system and propagates to others, creating a

need for effective antivirals to combat active infection. One of the leading candidates for

therapeutic target is SARS-CoV-2's main protease NSP5 (Mpro; chymotrypsin-like protease:

3CLpro), which is essential for viral replication.

The SARS-CoV-2 genome contains ORF1 which is transcribed and then translated into two

polyproteins that must be cleaved by NSP5 and a papain-like protease NSP3 (PLpro) to generate

the functional protein units for assembly of the essential replication complex. Due to the

essential functions of NSP5 and its cleaved substrates for viral replication, inhibiting NSP5

function with covalent small molecules (Jin et al. 2020; Zhang et al. 2020) has been explored to

prevent viral propagation. NSP5, whose sequence and function is conserved across

coronaviruses (Roe et al. 2021; Flynn et al. 2022), demonstrates catalytic specificity for

substrates containing the putative LQ|[AS] motif (Pablos et al. 2021).

Many proteomics methods have been employed to identify NSP5 protein interactions and

protease substrates among both viral and host proteins. Initial work with AP-MS identified host

interacting proteins HDAC2 for NSP5 and TRMT1 and GPX for a catalytically dead NSP5

(C145A) (Gordon et al. 2020). To improve the sensitivity of detecting NSP5 interactors,

N-terminomics MS approaches, in the context of viral infection (B. Meyer et al. 2021) or cell

lysates with dosed recombinant NSP5 (Pablos et al. 2021), have enabled the discovery of

hundreds of viral and host neo-N-terminus peptides. In a N-terminomics approach like TAILS

(Kleifeld et al. 2010, 2011), protease cleavage events generate neo-N-terminus peptides with

newly accessible amine moieties that are chemically labeled. Compared to a condition lacking
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NSP5, increased abundance of these neo-N-terminus peptides in the presence of NSP5

indicates a high confidence protease substrate (Pablos et al. 2021). Although hundreds of NSP5

cleavage events have been discovered, extensive follow-up experiments would be required to

determine the impact of the NSP5 cleavage on the substrate’s protein function. NSP5 protein

cleavages could also generate neo-N-terminus peptides that are unable to be detected by MS

resulting in missed cleavage substrates.

Alternatively, orthogonal proteomics techniques using protein turnover (Zecha et al. 2018) and

thermal stability (Smith et al. 2021) have been leveraged to identify cleaved proteoforms that

occur naturally in human and yeast cells. These methods leverage differences in peptide-level

readouts of protein turnover or thermal stability surrounding a breakpoint to identify protein

cleavage events. An advantage of these approaches is that they do not require identification of

the cleaved neo-N-terminus peptide, and the protein cleavages are detected over a small region

of the protease substrate. Unique to these methods, one can measure differences in protein

turnover or thermal stability of the resultant cleaved polypeptide products, indicating changes in

degradation or stability due to a protein cleavage event.

Here, we assayed protein thermal stability and protein turnover proteome-wide in HEK293T

cells overexpressing wildtype NSP5, catalytically inactive NSP5 C145A variant, or GFP. We

observed global proteome changes in protein turnover and thermal stability that correlated with

active NSP5 protease activity. We identified many known NSP5 host substrates with altered

protein turnover and thermal stability at the protein-level or across known LQ|[AS] breakpoints at

the peptide-level when wildtype NSP5 is present. Generally, proteins that contained the putative

NSP5 motif had accelerated protein turnover and altered thermal stability, suggesting that NSP5

cleavage likely increases protein degradation of its substrates. In tandem with

neo-N-terminomics approaches, protein turnover and thermal stability approaches could
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complement and validate NSP5 protease substrates, while offering mechanistic insight into

functional changes of its protease substrates upon cleavage.

5.3 Results
Dynamic SILAC assay to explore NSP5 protease activity impact on the

protein turnover across the HEK293T proteome

Here, we explore using protein thermal stability and protein turnover assays to identify

proteome-wide changes due to NSP5 protease activity and to identify NSP5 protease

substrates in HEK293T. First, we applied a dynamic SILAC labeling approach to HEK293T cells

overexpressing wildtype NSP5 protease, catalytically inactive NSP5 C145A, or GFP (each

N=4). In our implementation of dynamic SILAC, we monitor the steady state incorporation of a

pulsed isotopically heavy lysine amino acid into newly-synthesized proteins to proxy protein

turnover. Upon harvest, pre-existing (light Lys0 containing) and newly-synthesized (heavy Lys8

containing) proteins were digested into peptides and analyzed by MS/MS (Figure 5.1a). We

calculated a protein turnover proxy, or RTO, at the peptide-level via the log2(heavy/light) SILAC

peptide MS intensities. Peptide-level RTO readouts can be consolidated to a protein-level RTO by

taking the median RTO of its constituent peptides.

To sensitively assay the functional role of NSP5 protease activity, we overexpressed GFP and

the NSP5 C145A protein variant as controls. GFP overexpression controls for overexpression

toxicity, while the catalytically inactive NSP5 C145A variant controls for NSP5-specific protein

interactions unrelated to protease activity. When compared to these controls, wildtype NSP5

overexpression should uniquely proxy protein turnover changes driven by NSP5’s protease

activity. If a change in protein turnover (RTO) tracks to the wildtype NSP5 condition, the
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interpretation would be that NSP5 protease is either directly cleaving the protein substrate and

thereby altering its turnover or is indirectly acting to modulate the protein’s turnover.

Alternatively, we could identify NSP5 protease substrates in the HEK293T proteome using a

different perspective. Since the dynamic SILAC protein turnover assay occurs at the

protein-level, peptide-level RTO readouts should reflect the protein turnover of all protein

molecules that contain that unique peptide. After a protein is cleaved, its products should

contain specific peptides that reflect the turnover of the protein and the cleavage products. We

could identify a protein cleavage event when the cleaved protein products have different

turnovers. This difference would be reflected by each product’s peptide RTO readouts tracking to

their respective product but deviating between products at the location of the protein cleavage.

Together, we leveraged both our protein-level and peptide-level perspectives to identify global

proteome changes due to NSP5 protease activity and to identify high confidence NSP5 host

protein substrates proteome-wide.

We observed that despite all constructs being under the same promoter, they varied in their RTO.

NSP5 demonstrated a substantially slower RTO than GFP and NSP5 C145A (Figure 5.1b). Thus,

given the same promoter and likely similar synthesis rates, one could attribute the RTO

differences among constructs to be related to differences in degradation. Of note, all

overexpressed proteins (NSP5, NSP5 C145A, and GFP) demonstrated extremely fast turnover

compared to the HEK293T proteome (all > 98th percentile). Not surprisingly, this result suggests

the promoter system likely enables exceedingly faster synthesis rates compared to what is

naturally observed across the HEK293T during the 39 hour overexpression.
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Figure 5.1: Dynamic SILAC to measure HEK293T protein turnover.
a) HEK293T cells overexpressing GFP, NSP5 C145A, and NSP5 wildtype proteins for 24 hours were
pulsed with media containing heavy lysine (Lys8) to incorporate into newly-synthesized protein for 15
hours. Harvest cell’s proteins were digested into peptides and analyzed by MS/MS. Protein turnover
was calculated at the peptide-level as RTO=log2(heavy/light) peptide intensities (new/pre-existing). b)
RTO protein-level readouts across replicates represented as a boxplot and with replicate RTO values as
jittered points. c) Principal Component Analysis (PCA) was performed for replicates (points) across the
different protein expression conditions (purple:GFP ; blue:NSP5 C145A ; green:NSP5 WT).
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Across the proteome, we captured ~4,000 unique human proteins across all replicates and all

overexpression conditions (Appendix C Supplementary Figure 5.1a). The protein-level replicate

correlations of RTO were highly reproducible, with Pearson Correlations of R=0.89-0.93 for all

replicates and protein expression conditions (Appendix C Supplementary Figure 5.2). Next, we

addressed the similarity of the proteome’s protein turnover responses across the different

overexpressed proteins by performing a principal component analysis (PCA) for GFP, NSP5

C145A, and wildtype NSP5 replicates (Figure 5.1c). The replicates for the same overexpressed

protein clustered closely together, and replicates of different overexpressed proteins separated.

In particular, the variance in principal component 1 (PC1) which explained 22% of the total

variance, separated NSP5 wildtype replicates from GFP and NSP5 C145A replicates,

highlighting that protease activity likely contributes unique differences in protein turnover across

the proteome.

NSP5 protease activity modulates host protein turnover

A method has not been available to explicitly explore the functional impacts of the critical NSP5

protease on the host proteome. The dynamic SILAC data allowed us to explore whether NSP5

activity modulated protein turnover globally in HEK293T cells. No method to date has been able

to explicitly explore the functional impacts of the critical NSP5 protease on the host proteome.

Using a Limma statistical analysis, we conducted pairwise comparisons across all our HEK293T

overexpressing strains (Figure 5.2a, Appendix C Supplementary Figure 5.3). We observed very

few proteins with significantly altered protein turnover when we compared wildtype NSP5 to

catalytically inactive NSP5, suggesting that NSP5 interaction events likely have limited impact

on protein turnover. We observed greater than 100 proteins with altered protein turnover when

comparing NSP5 wildtype and GFP conditions, suggesting that NSP5 activity plays a role in

modulating protein turnover across the proteome. When we compared NSP5 wildtype to
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inactive NSP5 C145A conditions, we observed fewer significantly slower turnover proteins

compared to NSP5 wildtype vs. GFP. However, the prominent number of significantly faster

turnover proteins suggests that NSP5 protease activity likely accelerates protein turnover across

the proteome.

We postulate that proteins with faster protein turnover in the presence of NSP5 wildtype could

be attributed to the proteins being a NSP5 protease substrate and/or binding partners of

substrates. Our rationale behind this hypothesis is that a NSP5 protease cleavage event likely

will destabilize the resultant protein cleaved products, rendering them non-functional. To

compensate for the destabilized protein fragments, the cell likely accelerates the degradation of

the cleaved protein products resulting in a faster turnover compared to the full length protein.

Next, we set out to obtain a holistic view of the turnover changes across all the overexpression

conditions. To this end, we performed an analysis of variance (ANOVA) to prioritize proteins with

significant protein turnover changes across all overexpression conditions. Proteins with

significantly altered protein turnover (Benjamini-Hochberg adjusted p-value  < 0.05) were

visualized by plotting ΔRTO of (NSP5 C145A - GFP) against ΔRTO of (NSP5 wildtype - GFP)

(Figure 5.2b). In alignment with our Limma analysis, very few proteins with altered ΔRTO lie on

the diagonal (line with slope=1) and deviate from the origin, suggesting that few proteins had

altered RTO from the GFP condition. Most of the differences in ΔRTO are spread across the x-axis

and not the y-axis, suggesting that most of the proteins with significantly altered RTO arose from

NSP5 protease activity.

From hierarchical clustering of the ANOVA significant results, we found two prominent clusters

with changes in RTO (Cluster 2 : slower RTO; Cluster 4 : faster RTO) specific to the NSP5 wildtype

protease (Appendix C Supplementary Figure 5.4a). The slower RTO proteins in Cluster 2 were
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enriched in the Gene Ontology (GO) term: aminoacyl-tRNA ligase activity, while the faster RTO

proteins in Cluster 4 in were enriched in GO terms, such as apoptosis, vesicle, cell death, and

cell platelet degranulation (Appendix C Supplementary Figure 5.4b). The GO terms enriched for

the faster RTO proteins of Cluster 4 GO enrichments in terms related to cell death implicate a

proteome response to compensate for the likely toxic, proteostasis stress induced by NSP5

protease activity.

Given the known putative NSP5 protease substrate motif (LQ|[AS]92,98,99), we highlighted

whether or not the ANOVA significant proteins contained at least one NSP5 motif across their

sequence. In theory, NSP5 motif-containing proteins should be more likely to be protease

substrates of NSP5. When mapped to our ANOVA significant calls, proteins with the LQ|[AS]

motif predominantly demonstrated a faster RTO for NSP5 wildtype to GFP and little/no change in

RTO for NSP5 C145A to GFP (Figure 5.2b). This result supports our hypothesis that NSP5

protease cleavage of protein substrates accelerates their protein turnover, likely due to

destabilization and increased degradation of its antecedent protein cleaved products. When we

categorized the ANOVA significant proteins as either containing or not containing the putative

NSP5 motif, we observed that proteins with the motif presented a faster RTO exclusively when

the NSP5 wildtype protease was expressed (Figure 5.2c-e). When comparing proteins with

significantly altered RTO by ANOVA to proteins without a changing RTO, we observed an

increased propensity to have one or more NSP5 motifs across the length of the protein (Figure

5.2f). Collectively, the protein turnover at the protein-level revealed that NSP5 protease activity

can modulate proteome-wide protein turnover (RTO) changes. Many faster RTO proteins during

NSP5 overexpression contain the putative NSP5 motif, potentially implicating them as NSP5

protease substrates.
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Figure 5.2: NSP5 protease activity modulated changes in protein RTO and
the faster RTO proteins associated with the NSP5 motif.
a) Limma-based statistical analysis for pairwise comparisons of overexpression conditions (NSP5
C145A vs. GFP; NSP5 WT vs. GFP; NSP5 WT vs. NSP5 C145A) for N=4 replicates. Bar plot of
significantly faster (purple) and slower (green) RTO proteins for above comparisons
(Benjamini-Hochberg adjusted p-values <0.05). b) ANOVA significant calls (Benjamini-Hochberg
adjusted p-values <0.05) across all three conditions presented in a scatter plot. Each point defines the
ΔRTO based on the difference between the median replicate RTO per condition (x-axis : ΔRTO (wildtype
NSP5 - GFP) ; y-axis : ΔRTO (NSP5 C145A - GFP)). Color of points designate whether it contains
(purple) or does not contain (green) at least one LQ|[AS] motif in its protein sequence. Dotted lines
designate no difference in ΔRTO across both axes. Solid line on the diagonal has slope of 0 with no
intercept to depict ΔRTO driven by GFP. c) Boxplot of ANOVA significant protein calls partitioned by
containing at least one LQ|[AS] motif in its protein sequence (purple) or not (green) and the ΔRTO
between NSP5 C145A and GFP (based on the difference between the median replicate RTO of each
condition). Student’s t-test conducted with presented p-values. All boxplots are for n=4 biological
replicates (line = median, box = interquartile range (IQR), and whiskers = 1.5*IQR from box ends). d)
Same as in (c) for the ΔRTO between NSP5 wildtype and GFP. e) Same as in (c) for the ΔRTO between
NSP5 wildtype and NSP5 C145A. f) Barplot of the proportion of proteins colored by the number of
instances (0-5) the LQ|[AS] motif appears in the protein’s sequence, categorized by the ANOVA
significance call or not across the proteome analysis.
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Crude Thermal Proteome Profiling to explore the effects of NSP5 activity on

protein thermal stability across the HEK293T proteome

We next turned to looking at the effects of NSP5 catalytic activity on protein thermal stability. To

do this, we grew two biological replicates of HEK293T in identical conditions as for turnover

(without isotopically heavy lysine) and applied crude thermal proteome profiling. Briefly, cells

were lysed in non-denaturing buffer and equal volumes of cell extracts were distributed across

11 PCR tubes, ten for temperature treatment and one for SDS total proteome extraction. After

temperature treatment, soluble proteins were extracted by first incubating lysates with

non-denaturing detergent and benzonase, followed by aggregate removal by centrifugation. The

non-denatured protein fraction from each channel was removed, reduced, alkylated, LysC

digested, and labeled with TMT11plex. Samples were fractionated offline and data were

acquired using synchronous precursor selection with MS3 quantification on an Orbitrap Eclipse.

Across the entire sample set, we quantified 386,031 PSMs for 55,228 unique peptides that map

to 9,232 proteins, with 265,082 PSMs, 21,886 unique peptides, and 3637 proteins quantified in

all samples and all replicates with a minimum of 2 unique peptides. The corresponding melting

curves for these overlapping peptides and proteins were highly reproducible and spanned a

wide range of apparent thermal stability (Supplemental Figure 5.5), with 2570 proteins showing

partial or full precipitation (i.e. Tm ≤ 67˚C) in at least one condition within the temperature range

tested here and 471 showing no observable precipitation (i.e. Tm > 67˚C) in any sample.

We first assessed the thermal stability of overexpressed proteins in our sample. Both NSP5

(C145A) and NSP5 wildtype fully precipitated within the temperature range, with melting

temperatures around 51.63˚C and 49.73 ˚C, respectively (Figure 5.3a). Interestingly, the

increased stability of catalytically-dead NSP5 lines up with prior observations that point mutants
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Figure 5.3: Crude Thermal Proteome Profiling to measure
NSP5-dependent changes in protein stability.
a) Thermal stability of the three overexpressed proteins GFP, catalytically-dead NSP5 (NSP5 C145A),
and wildtype NSP5 (NSP5 WT). b) Principal Component Analysis (PCA) was performed for replicates
(points) using all available melting curves across the proteome quantified in the different protein
expression conditions (purple:GFP ; blue:NSP5 C145A ; green:NSP5 WT).
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decreasing enzymatic activity result in a concomitant increase in stability112. Conversely, despite

performing these experiments in the context of the cellular milieu, which can cause some shift in

thermal stability, GFP did not precipitate within the temperature range. Soluble and folded GFP

is known to be incredibly stable at high temperature (Tm > 67˚C) (Ward et al. 1982), thus

suggesting that GFP is resistant to precipitation at these temperatures even in a complex lysate

background. Taken together, these data highlight a concordance between thermal stability as

measured by TPP with what is already known or can be inferred about the overexpressed

proteins.

NSP5 protease activity alters host protein thermal stability

Next, we determined the effect of NSP5 activity on proteome thermal stability. We did this by

performing a principal component analysis, where we observed broad separation of samples

that clustered based on which enzyme was overexpressed (Figure 5.3b). Then, to establish

which proteins are driving these sample-specific changes, we compared changes in

protein-level melting curves across all three overexpression conditions using non-parametric

analysis of response curves (NPARC) (Childs et al. 2019). Specifically, we focused on the 2,570

proteins that showed partial or full precipitation within the temperature window in at least one of

the conditions, requiring at least 2 unique peptides per protein. We then applied NPARC across

all pairwise combinations (GFP vs NSP5 (C145A); GFP vs NSP5 (WT); NSP5 (C145A) vs NSP5

(WT)).

In total, 139 unique proteins (~5.5%) showed a significant change in protein thermal stability in

at least one comparison, 35 of which showed a change in two or more comparisons. As

expected, we saw the most proteins with a significant change when comparing

catalytically-dead NSP5 with wildtype NSP5 overexpressing cells (26 destabilized in wildtype
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Figure 5.4: Proteins with altered stability due to NSP5 overexpression
contain the NSP5 motif.
a) Non-parametric analysis of response curves for comparing overexpression conditions (NSP5 C145A
vs. GFP; NSP5 WT vs. GFP; NSP5 WT vs. NSP5 C145A) for N=2 replicates. Bar plot of significantly
destabilized (purple) and stabilized (green) proteins for above comparisons (Benjamini-Hochberg
adjusted p-values <0.05). b) Barplot of the proportion of proteins colored by the number of instances
(0-5) the LQ|[AS] motif appears in the protein’s sequence, categorized by whether that protein was
significant in at least one comparison.
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NSP5 compared to 52 stabilized in wildtype NSP5) (Figure 5.4a), potentially highlighting a

subset of proteins whose change in stability is a direct result of proteolytic cleavage or the result

of proteolytic cleavage of a binding partner. Surprisingly, the second most number of changes

were observed when comparing catalytically-dead NSP5 with GFP (57 destabilized by NSP5

C145A compared to 6 that were stabilized). In both of these comparison, the group of

significantly altered proteins were enriched for the NSP5 motif (i.e. LQ|[AS]) (Figure 5.4b),

suggesting that the change in protein stability may be associated with either wild type NSP5’s

proteolytic targeting of proteins or catalytically-dead NSP5’s ability to dock and destabilize target

proteins.

Protein-level changes in protein turnover and thermal stability overlap with

known proteolytic substrates

We anticipate that proteins with altered protein turnover and thermal stability due to the activity

of NSP5 protease could be substrates. Thus, we expected to observe substantial overlap

between known NSP5 substrates and proteins with altered turnover and thermal stability. In this

section, we explore the overlap from a protein-level perspective. From this perspective, we

anticipate capturing a subset of NSP5 substrates where the cleavage event causes both protein

cleaved products to assume a similar functional change to each other but different from the

full-length protein. These substrates potentially could prioritize a loss-of-function phenotype for

the whole-length protein upon NSP5 cleavage. For example, accelerated protein turnover for

the NSP5 cleaved products can indicate protein destabilization and increased degradation of

the non-functional cleaved proteins. Several recent papers have established a list of host

proteins that are targeted for proteolysis by NSP5 in both in vitro and in vivo conditions, some of

which have an accompanying location of the cleavage site (Pablos et al. 2021; B. Meyer et al.

2021; Moustaqil et al. 2021). Thus, we leveraged the collective curated list for comparison.
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First, we asked whether any of these known targets of NSP5 correspond to proteins that have

altered protein thermal stability during wildtype NSP5 overexpression. From a protein-level

perspective, we quantified changes in stability for 113 proteins out of a possible 244 reported

substrates of NSP5. Out of this subset, we found a significant change in thermal stability for 16

substrate proteins. In general, proteins that are known substrates of NSP5 were three times

more likely to have a significant change in protein thermal stability in one of the conditions

compared to the rest of the proteome, illustrating a correlation between known targets and

proteins with changes in thermal stability (Figure 5.5a).

As an example, we highlight NSP5-dependent changes in thermal stability for the mitochondrial

protein ornithine aminotransferase (OAT). OAT is a known substrate of NSP5 that has a

noncanonical cleavage site near its N-terminus. When mapping peptide-level stability

measurements and plotting the protein-level melting curves, we saw a consistent shift in thermal

stability in the cells overexpressing wildtype NSP5 (Figure 5.5b-c). The change in thermal

stability was similar across the different peptides quantified within OAT (Figure 5.6b), resulting in

a reproducible stability change at the protein-level (Figure 5.6c). Interestingly, this change in

thermal stability coincides with a potential change in subcellular localization of OAT caused by

NSP5 cleavage. The N-terminal cleavage site identified separates OAT’s mitochondrial import

sequence from the rest of the protein, potentially causing mislocalization of OAT during

SARS-CoV-2 infection. This mislocalization could underlie some of the observed changes in

thermal stability, perhaps due to different cellular environments in the mitochondrial matrix

compared to the cytosol.
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Figure 5.5: Protein-level thermal stability changes of known NSP5
substrates.
(a) Barplot displaying the percent of the proteome and percent of known NSP5 substrates showing a
significant change in thermal stability. (b) Peptide-level analysis of stability for peptides quantified for
the known NSP5 substrates ornithine aminotransferase (OAT). Each color and bar represent median
estimates of stability (n=2) for unique peptides quantified in different conditions (purple:GFP;
blue:NSP5 C145A; green:NSP5 WT). The lighter bar in the background is the median stability value for
peptides. The protein sequence track (grey) is shown relative to the NSP5 cleavage site and its motif
annotated (underline text). (c) Protein-level melting curves for OAT across all three expression
conditions.
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We next explored the overlap of known NSP5 substrates with proteins that demonstrated

significant changes in protein turnover during wildtype NSP5 protease overexpression. We

quantified protein turnover of 157 proteins out of a possible 244 previously reported substrates

of NSP5. We observed a significantly altered protein turnover for 45 of the known substrate

proteins (or 29%). 84% of the 45 had a positive ΔRTO (NSP5 WT - NSP5 C145A), which likely

suggests a faster RTO due to NSP5 protease activity. Importantly, we found a four-fold

enrichment of observing a known substrate in proteins with significantly altered protein turnover

(18.1%) compared to proteins with a non-significant designation (4.6%). This enrichment is in

agreement with the notion presented previously that the cause of the significant alterations in

turnover of some proteins is due to their being NSP5 protease substrates.

As observed with protein thermal stability, known NSP5 substrates can have profound changes

in protein turnover that can be observed at the protein-level, which in turn should translate at the

peptide-level. For instance, the NSP5 substrate EIF4G1, which has a known protease cleavage

site near its N-terminus, demonstrated one of the most prominent faster protein turnover

changes during wildtype NSP5 protease overexpression. The RTO change was observed to the

same extent for all its peptides across the length of the protein (Figure 5.6a), resulting in a

reproducible turnover change at the protein-level (Figure 5.6b). EIF4G1 has been observed in

multiple studies to bind viral RNA prominently after 24 hours of SARS-CoV-2 infection (Schmidt

et al. 2020; Kamel et al. 2021; Labeau et al. 2022). Labeau et al. (2022) followed-up on many of

the viral RNA human binding proteins (RBP), including EIF4G1, for their functional role during

SARS-CoV-2 infection. In this experiment, siRNA-mediated knockdown of EIF4G1 and other

RBPs was performed in A549-ACE2 cells, and viral titers and viral replication was then

assessed following SARS-CoV-2 infection. For EIF4G1 knockdown cells, there was little to no

observed effect on viral replication upon infection; however, viral titers were over 200% greater

from infected cells with non-targeting siRNA. Taken together with the increased RTO of EIF4G1
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from NSP5 overexpression, EIF4G1 could be targeted for NSP5 cleavage and its accelerated

degradation during SARS-CoV-2 infection could serve as a mechanism to increase viral titers.

Future experiments will need to be conducted to validate whether EIF4G1 is a NSP5 substrate

during active SARS-CoV-2 infection and whether its protein cleavage plays a role in modulating

viral titers.

We also observed increased protein turnover for the polypyrimidine tract binding protein

(PTBP1) for all its peptides (Figure 5.6c) and at the protein-level (Figure 5.6d).  PTBP1 was

validated to be cleaved in vitro by NSP5 at position 152 for all 3 PTBP1 isoforms and position

352 for PTBP1 isoforms 2 and 3. As follow-up, Pablos et al. (2021) confirmed that PTBP1

cleavage also occurred during SARS-CoV-2 infection in Vero E6 cells, supported by a decrease

in the abundance of full length PTBP1 48 hours post-infection. Given PTBP1’s NSP5 site

between the RMR1 and RMR2 domain, the cleavage was suggested to extinguish PTBP1’s

N-terminal nuclear localization signal and as a result would eliminate PTBP1 transit to the

nucleus. Indeed, the NSP5 cleavage events on PTBP1 dramatically increased the ratio of

PTBP1 cytoplasm/nucleus residency during SARS-CoV-2 infection, which was suggested as a

possible viral strategy to repress host cell translation (Pablos et al. 2021). Given PTBP1’s

functional changes during infection, PTBP1’s faster protein turnover could be explained by

either protein destabilization by the cleavage event promoting degradation or an accelerated

turnover as a consequence of its predominant cytoplasmic residency.  Taken together, these

protein turnover and thermal stability data highlight a correlation between changes in protein

turnover and thermal stability, NSP5 activity, and known target substrates.
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Figure 5.6. Protein-level faster RTO in known NSP5 substrates.
a) Peptide-level analysis of turnover for peptides quantified for the known NSP5 substrate EIF4G1.The
vertical dashed lines represent the location of the known NSP5 cleavage sites. Each color and bar
represent estimates of turnover for unique peptides quantified in different conditions (purple:GFP;
blue:NSP5 C145A; green:NSP5 WT). The lighter bar in the background is the mean turnover value for
all peptides of the protein. The protein sequence track (grey) and relevant protein domains (green) are
shown relative to the NSP5 cleavage site and its motif annotated (underline text). b) Protein-level
analysis of turnover for sample replicates of EIF4G1. Data is presented as a boxplot with the same
sample color designations as in (a) with replicate protein turnover readouts jittered as points. c) Same
as (a) for protein PTBP1. d) Same as (b) for PTBP1.
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Integrating peptide-level readouts for turnover and thermal stability uncover

known and potentially novel substrates of NSP5

Our analyses above indicate that NSP5-dependent cleavage of host proteins can alter thermal

stability or turnover, observable by a global shift of peptides derived from the protein that is

independent of the location of the cleavage site. We next asked whether we could infer the

precise location of cleavage sites based on peptide-level differences in turnover or stability that

differ based on which part of the protein they are derived from, i.e., from the N-terminal or

C-terminal side of the cleavage site. To assess this possibility, we first focused on validated

substrates where we identified enough peptides on either side of the proposed cleavage site

that would allow us to pinpoint the cleavage site, potentially with high confidence.

To illustrate this phenomenon, we first focus on two proteins that showed cleavage

site-dependent changes in stability and turnover: SEPTIN9 and MAGE-D2 (Figure 5.7). Both of

these proteins are high-confidence substrates of NSP5 in the HEK293T proteome (Pablos et al.

2021)) and contain only a single cleavage site, which is the common LQS motif. We assessed

the cleavage site dependency of these proteins by mapping peptides and their corresponding

turnover and stability values back to each protein’s primary amino acid sequence. Both of these

proteins showed a shift in peptide-level behaviors that coincided with both the location of the

cleavage sites and the catalytic activity of NSP5. For example, in SEPTIN9, peptides derived

from the N-terminal side of the cleavage site at position 221 were more stable and had a slower

turnover, specifically in the cells overexpressing wildtype NSP5, compared to the peptides

derived from the C-terminal side of the cleavage site. We see a similar trend in MAGE-D2,

where peptides derived from the N-terminal side of the cleavage site at 264 were more stable

and had a slower turnover compared to the peptides on the C-terminal side of the cleavage site.
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Figure 5.7. Peptide-level readouts for turnover and stability locate the
specific cleavage sites for known NSP5 substrates.
(a and b) Peptide-level analysis of turnover and stability for peptides quantified for the known NSP5
substrates (a) SEPTIN9 and (b) MAGE-D2. The vertical dashed lines represent the location of the
known NSP5 cleavage sites. Plots in the first row are for turnover. Plots in the second row are for
stability. Each color and bar represent estimates of stability or turnover for unique peptides quantified in
different conditions (purple:GFP; blue:NSP5 C145A; green:NSP5 WT). The lighter bar in the
background is the median turnover or stability value for peptides falling on either side of the known cut
site. The protein sequence track (grey) and relevant protein domains (green) are shown relative to the
NSP5 cleavage site and its motif annotated (underline text).
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A key requirement of this cleavage site-specific behavior is that at least one of the products of

proteolysis has to be distinctly different in its turnover or thermal stability compared to the

full-length protein. As a result, both dynamic SILAC and TPP offer opportunities to capture

cleavage events, given that both thermal stability and turnover, while intrinsically related to

protein structure and fold, will inherently be sensitive to different subsets of cleaved proteins.

For instance, we observed a number of known NSP5 substrates that demonstrated altered

protein turnover due to NSP5 with minimal observed changes in protein thermal stability. Similar

to SEPTIN9 and MAGE-D2, we observed a breakpoint in the peptide-level RTO values that

coincide with the known cleavage site at position 452 only in the wildtype NSP5 overexpression

condition. The C-terminus of the protein demonstrated an accelerated protein turnover, which is

likely due to an altered function of the C-terminus comparted to the full length protein or the

N-terminal cleavage product. Pablos et al. (2021) further validated that NSP5 has

moderate-high specificity for the EIF4G2 LQG substrate with an apparent kcat/Km>64. Of note,

the absence of the cleavage event in the thermal stability data does not contradict the turnover

phenotype, for both N-terminal and C-terminal cleavage products could share the same thermal

stability as their full length protein. We also captured the known NSP5 cleavage event at

position 34 in the SAICAR synthetase portion of the multi-functional protein ADE2 (PAICS). This

cleavage was indicated by the increased peptide-level RTO readouts N-terminal to position 34

during NSP5 activity. This PAICS NSP5 cleavage event has been observed and validated to

occur during active SARS-CoV-2 infection in A549-Ace2 cells (B. Meyer et al. 2021). A siRNA

knockdown of PAICS did not significantly reduce viral titers; however it did significantly reduce

plaque-forming units 10-fold in a plaque assay. While it is unclear whether PAICS cleavage is

beneficial for SARS-CoV-2 during infection, the small peptide N-terminus released upon NSP5

cleavage likely behaves differently than its full length protein and its C-terminal cleavage

product.
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Figure 5.8. Known NSP5 substrates, EIF4G2 and PAICS, have altered
protein turnover for their cleaved products.
a and b) Peptide-level analysis of protein turnover for peptides quantified for the known NSP5
substrates (a) EIF4G2 and (b) Multiprotein ADE2 or PAICS. The vertical dashed lines represent the
location of the known NSP5 cleavage sites. Each color and bar represent estimates of protein turnover
for unique peptides quantified in different conditions (purple:GFP; blue:NSP5 C145A; green:NSP5 WT).
The lighter bar in the background is the median turnover or stability value for peptides falling on either
side of the known cut site.
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Given that this cleavage site-dependent change in turnover and stability is most specific to cells

overexpressing wildtype NSP5, we reasoned that novel substrates of NSP5 could be identified

by looking for these region-specific and NSP5-dependent differences in peptide stability and

turnover. To identify additional proteins with this behavior, we looked across the HEK293T

proteome and mapped peptide turnover and stability values back to protein sequence. We then

implemented a novel statistical workflow to identify proteins with suspected sequence-specific

clustering of significant changes in peptide-level turnover or stability. Below, we discuss a few

examples of proteins that emerged from this analysis that represent potentially-novel substrates

of NSP5.

From our analysis of the TPP samples, two proteins emerge as potential substrates with

possible biological relevance: the ribosomal subunit RPL4 (Figure 5.9) and the U4/U6-U5

tri-snRNP pre-spliceosome associated protein PRPF3 (Figure 5.10). For RPL4, there is one

potential NSP5 cut site, the LQA motif at position 362. In our TPP assay, we captured sufficient

coverage of peptides across the entire length of RPL4 in all three overexpression conditions to

detect a potential change. When mapping peptides and their stability values back to primary

sequence, we observed a marked shift in thermal stability for peptides derived from the

C-terminus that is specific to wildtype NSP5 (Figure 5.8a). Interestingly, while this C-terminal

region is not captured in crystal structures of the ribosome, the region spanning the LQA motif is

crystalized (Figure 5.8b). This region is at the very edge of the ribosome, solvent accessible,

and therefore likely accessible to wildtype NSP5. RPL4 overexpression has been shown to

increase the efficiency of viral translation for viruses requiring frameshifts (Green et al. 2012),

such as SARS-CoV-2, suggesting the proteolytic cleavage of this part of RPL4 may have direct

consequences  on the efficiency of viral replication and virion production.
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Figure 5.9. The ribosomal subunit RPL4 is a potential substrate of NSP5.
a) Peptide-level analysis of stability for peptides derived from RPL4. The vertical dashed line
represents the location of the proposed NSP5 cleavage site. Each color and bar represent median
estimates of protein stability (n=2) for unique peptides quantified in different conditions (purple:GFP;
blue:NSP5 C145A; green:NSP5 WT). The lighter bar in the background is the median turnover or
stability value for peptides falling on either side of the proposed cut site. b) Placement of RPL4 within
the human ribosome as determined by electron microscopy (PDB file 6ZM7). RPL4 is highlighted in
green with a surface representation. Colored in gray is the rest of the ribosome. Highlighted in red is
the proposed NSP5 motif.
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Figure 5.10. The pre-mRNA splicing protein PRPF3 is a potential
substrate of NSP5.
a) Peptide-level analysis of stability for peptides derived from PRPF3. The vertical dashed line
represents the location of the proposed NSP5 cleavage site. Each color and bar represent median
estimates of protein stability (n=2) for unique peptides quantified in different conditions (purple:GFP;
blue:NSP5 C145A; green:NSP5 WT). The lighter bar in the background is the median turnover or
stability value for peptides falling on either side of the proposed cut site. b) Placement of PRPF3 within
the human U4/U6 spliceosome (PDB file 6ZM7). PRPF3 (truncased to positions 385-683) is highlighted
in green with a surface representation. Colored in gray is the rest of the U4/U6-spliceosome. The
proposed cleavage site is not shown but the model highlights what likely drives the stability of the
C-terminal product.
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The second protein whose cleavage may have relevant biological consequences is the

spliceosomal-associated protein PRPF3 (Figure 5.10). SARS-CoV-2 has already been shown to

suppress global mRNA splicing through targeting U1/U2 RNAs by NSP16 (Banerjee et al.

2020). Additionally, knocking down PRPF3 has been shown to increase splicing defects in

neuronal cells (Schaffert et al. 2004).  In our analysis, we find differences in peptide-level

stability measurements between the N-terminal region of PRPF3, before the cut site at position

211. Interestingly, these data suggest NSP5 cleavage separates the PRPF3 domain, which

binds the U4/U6-U5 tri-snRNP complex, from the low complexity N-terminal region. While this

region has not been implicated in viral replication, this cleavage event could alter the

association of PRP3 with the U4/U6-U5 tri-snRNP complex, potentially disrupting the formation

of functional spliceosomes.

5.4 Discussion
The SARS-CoV-2 main viral protease, NSP5, has been extensively studied for its essential role

of cleaving a large viral polyprotein into its many functional protein units, a process essential for

viral propagation. Beyond viral proteins, N-terminomics studies (Pablos et al. 2021; B. Meyer et

al. 2021) have revealed that NSP5 can target over 100 human proteins as protease substrates,

many of which are relevant during infection. However, less is known about the functional

implications of NSP5 protease activity globally on the host proteome and whether host NSP5

substrates are functionally impacted by the protein cleavage event.

Thus, we coupled protein overexpression in HEK293T with protein turnover and protein thermal

stability assays to identify NSP5 host substrates and proteome-wide host functional changes

due to NSP5 protease activity. By comparing HEK293T cells that overexpress wildtype NSP5 to

those that overexpress GFP or catalytically inactive NSP5 C145A, we captured over a hundred

proteins with altered protein turnover and/or thermal stability attributed specifically to NSP5
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protease activity. Our assay was sensitive, and enabled the characterization of NSP5 protease

functions apart from its other functional roles.

For protein turnover, most proteins with an altered RTO that contain the putative NSP5 LQ|[AS]

motif were associated with faster turnover when NSP5 was present. In addition, proteins with a

significantly altered thermal stability in the presence of NSP5 were enriched for the LQ|[AS]

motif. Importantly, proteins with altered protein turnover and thermal stability were enriched in

known NSP5 substrates. Thus, we argue that proteins that (1) contain the putative LQ|[AS]

motif; and (2) have a faster RTO or altered thermal stability due to NSP5 activity are candidateq

substrates of NSP5.

As a novel extension to these functional approaches, we were able to identify NSP5 host

protease substrates by leveraging our protein turnover and protein thermal stability readouts at

the peptide-level. To assign a protein cleavage, we identified a breakpoint across the length of

the protein where the peptide-level functional readouts differed between its two or more

NSP5-cleaved products. Most high confident breakpoints for protein turnover or thermal stability

aligned with known NSP5 substrates or were on proteins that contained a LQ|[AS] sequence in

the vicinity of the breakpoint. Altered protein properties between NSP5 substrate’s cleaved

products could implicate loss-of-function or non-canonical functions for the protein or its

products, which could be important mechanistically during SARS-CoV-2 infection.

Despite our method's advantages, these protein turnover and thermal stability assays do have

limitations for NSP5 protease substrate analysis. First, while many known NSP5 cleavages align

with protein-level changes in turnover and thermal stability during NSP5 overexpression, we can

not easily distinguish whether the altered property is due to a direct NSP5 cleavage of a

substrate or to some other indirect functional origin. However, the presence of an NSP5 motif
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and certain directional changes in the functional properties can help prioritize between the two

scenarios. Second, the absence of altered thermal stability or turnover of a protein does not

exclude the possibility that a cleavage event occurred due to NSP5 protease. The lack of

observed changes in turnover or stability could be due to biological and technical reasons. For

instance, a technical consideration is that some proteins are not amenable to our thermal

stability and protein turnover assays. We rely on differences in the functional properties to

identify a relevant NSP5-driven effect; however, some proteins do not melt over the TPP

temperature range or turnover too slowly or too quickly for us to capture a reliable turnover

readout. These proteins likely result in false negatives or missed proteins in our analysis. A

biological consideration is that some proteins that are cleaved and are amenable to the assays

might not have a change in thermal stability or turnover, and thus the assays do no provide

functional support for the cleavage. Third, making reliable peptide-level breakpoint calls is

difficult without robust models that can leverage the fold-change of the effect against the noise

in the peptide-level readouts. Thus, a better statistical framework is needed to reproducibly call

breakpoints and give confidence in our NSP5 cleavage calls.

We can contrast our methods to the field standard approach to study protease substrates,

N-termnomics. We find that N-terminomics studies likely have better sensitivity for cataloging

NSP5 substrates, while our assays have better functional insight into the impact of NSP5

cleavage on its substrates. Thus, we believe these different perspectives can complement each

other. For example, we posit that NSP5 substrates that (1) have a known neo-N-terminus

peptide in previous studies and (2) altered protein turnover and/or thermal stability at the protein

or peptide-level are more likely to be strong candidates for functional validation in the context of

SARS-CoV-2 infection. This hypothesis is supported by the overlap in N-terminomic studies and

our study for the protein PTBP1, for which the functional impact of cleavage has been

extensively characterized during infection. Despite potentially having less sensitivity to call
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substrates than N-terminomics at scale, we present two novel NSP5 substrates that have

functional evidence of a NSP5 breakpoints, which warrant follow-up validation during infection.

Therefore, our methods could pick up NSP5 substrates whose neo- N-terminus peptide was

unable to be detected by MS in other studies.

Collectively, we argue that a functional change to an NSP5 substrate could provide a better

prioritization criterion for follow-up validation than extensively cataloging all NSP5 cleavage

sites. However, combining such approaches could be an exceedingly powerful strategy for

characterizing protease substrates for the future.

5.5 Methods

5.5.1 Transfection, overexpression, and dynamic SILAC labeling in

HEK293T cells

HEK293T cells were seeded in 6-well plates at 0.3 x 106 cells per well. Following growth for

about 1.5 days, transfection of HEK293T cells were carried out using the polyjet transfection

reagent according to the manufacturer’s recommendation. This includes: (1) media exchange

30 minutes prior to transfection, (2) DNA constructs for GFP, NSP5 C145A, and wildtype NSP5

were mixed 2:3 with transfection reagent in serum, antibiotics-free media, (3) and 10 minutes

was allowed for transfection complexing prior to addition with cell lines. Transfection media was

exchanged 16 hours post-transfection. At 24 hours post-transfection, HEK293T cells were

washed three times with PBS and once with media containing 13C6
15N2-Lysine-8. Then,

HEK293T cells were exchanged for media containing 13C6
15N2-Lysine-8 and grown for an

additional 15 hours (39 hours post-transfection). Transfection efficiency was evaluated by

microscopy on GFP control, which was determined to be ~80%. HEK293T cells were harvested
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by detaching in PBS and washed three times with PBS by centrifugation. HEK293T cell pellets

were snap frozen and stored at -80oC.

5.5.2 Protein turnover sample preparation

Frozen cell pellets were resuspended in a lysis buffer composed of 8 M urea, 150 mM NaCl,

and 100 mM HEPES, pH 8.2. Cells were lysed by 3 cycles of 30s tip sonication on ice. Lysate

protein concentration was measured by BCA assay. Proteins were reduced with 5 mM

dithiothreitol (DTT) for 30 min at 55°C and alkylated with 15 mM iodoacetamide in the dark for

15 min at room temperature. The alkylation reaction was quenched by incubating with additional

10mM DTT for 15 min at room temperature. Lysates were processed on a KingFisher Flex

(Thermo Scientific) and digested with LysC (Wako Pure Chemicals Industries) using the R2-P1

protocol as described in the Leutert et al. (Leutert et al. 2019) study.

Peptides were desalted and fractionated on StageTips (Rappsilber, Mann, and Ishihama 2007)

by basic reverse-phase using a stepwise gradient of increasing acetonitrile (5%, 10%, 15%,

20%, and 80%; designated as RPB1 through RPB5 respectively) in 0.1% NH4OH.

5.5.3 Thermal Proteome Profiling (TPP) in crude cell extracts

Two replicates of pelleted HEK293T cells cultured in the same conditions discussed above, with

the exception of the Lys8 pulse, were resuspended in 800 µl of native lysis buffer (1x PBS, 2

mM MgCl2, 0.25x protease inhibitor) and lysed by four cycles of freezing in liquid nitrogen for 1

minute, followed by thawing at 35oC for 1 min. At this point, protein concentration was checked

by BCA. Lysates were snap frozen and stored at -80oC until ready for further processing (all

performed on the same day). Samples were diluted to 3.5 mg/mL with an additional native lysis

buffer. These lysates were then aliquoted, 80 µl into PCR tubes on ice (12 PCR tubes for each

replicate and each cell extract). PCR tubes were incubated on a thermal cycler in two phases:
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first, a 5-min incubation at 37oC; second, a 5-min incubation at 10 different temperatures

(37.0oC, 39.5oC, 42.4oC, 46.3oC, 50.1oC, 53.8oC, 57.6oC, 61.5oC, 64.4oC, 67.0oC) for 5 min. The

11th and 12th PCR tube was treated at 37.0oC. After temperature treatment, lysates were

incubated at room temperature for 5 min, followed by the addition of 10 µl of 10x soluble protein

extraction buffer (1x PBS, 2 mM MgCl2, 0.25x protease inhibitor, 8% NP40) to each of the 10

temperature-gradient samples and the 12th sample. The 11th PCR tube received 10 µl of 10x

SDS extraction buffer (1x PBS, 2 mM MgCl2, 0.25x protease inhibitor, 10% SDS). A final of 10 µl

of 10x Benzonase solution (Millipore) was then added to each of the 11 PCR tubes (final

concentration 25 U/mL) and left shaking for 1 hour at 4oC. Samples were then centrifuged at

4˚C for 1 hour at 17,100 x g. After centrifugation, 75 µl from the first 11 samples were mixed 1:1

with 2x denaturing buffer (9M urea, 50 mM HEPES pH 8.2, 100 mM NaCl, 10 mM DTT) and

incubated at 55˚C for 30 minutes. The 12th sample was taken through BCA to get an estimate

of protein concentration before digestion. All samples were then incubated in the dark with 15

mM iodoacetamide for 30 min to alkylate cysteines and the reaction was quenched with 5 mM

DTT for 15 min at RT.

5.5.4 TPP sp3 sample clean-up and digestion

For each sample, 50 µg of reduced and alkylated protein lysate per channel were cleaned up

using a modified SP3 protocol (Leutert et al. 2019) and a robotic magnetic bead processor

KingFisher™ Flex (Thermo Scientific). Briefly, a 1:1 mix of carboxylated paramagnetic beads

(Sera-Mag SpeedBeads, CAT# 09-981-121, 09-981-123) at a concentration of 10 µg/µl was

conditioned in water. A lysate-ethanol-bead mixture was incubated with 5 µg of beads per µg of

protein (for a final of 0.25 µg/µl protein, 75% ethanol v/v)  and washed 4 times with 200 µl of

80% ethanol. On bead digestion and elution was carried out in 125 µl of 50 mM HEPES buffer

pH 8.2 using 1 µg LysC at 37˚C for 4h. A second elution step was carried out in 75 µl of 50 mM

HEPES, pH 8.2. After digestion and elution, both eluates were combined (final volume 200 µl of
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50 mM HEPES, pH 8.2). Residual beads were removed by centrifugation at 4˚C, 17,100 x g for

10 min and supernatant transferred to new PCR tubes, and subsequently dried down on a

speedvac.

5.5.5 TPP sample TMT labeling and peptide desalting

Dried down peptides were resuspended in 50 µl of 30% ACN solution, vortexed, and left

shaking at room temperature for 5 min. We then labeled 15 µl of the above resuspension (15 µg

of peptides) with 60 µg of TMT11plex Isobaric Label Reagent (ThermoFisher Scientific) for 1

hour at room temperature. The reaction was quenched with 2 µl of 5% hydroxylamine for 15 min

and channels pooled together prior to acidification to pH 3 with 10% TFA (to final concentration

around 1-2%). Acidified peptides were briefly placed on a speedvac to remove residual ACN

before desalting further using Sep-Pak tC18 polymer columns (Waters). Sep-Pak tC18

cartridges were equilibrated with sequential additions of 100% acetonitrile (ACN), 75% ACN

with 0.5% acetic acid (AA), 50% ACN with 0.5% AA, and 0.1% TFA. Peptide samples were

loaded onto the column and washed three times with 0.1% TFA and 0.5% AA. Peptide samples

were eluted by sequential additions of 500 µl of 50% ACN with 0.5% AA, and 500 µl of 75%

ACN with 0.5% AA. Eluates for each sample were separated into an aliquot of 10 µg (for

single-shot injection analysis to assess labeling efficiency), and 200 µg for downstreams

fractionation.

5.5.6 Offline peptide fractionation for TPP samples

Peptides were fractionated using a pentafluorophenyl (PFP) reverse-phase fractionation

(Grassetti, Hards, and Gerber 2017), using a Waters XSelect HSS PFP 2.5 µm 2.1 x 150 mm

column and HPLC and fraction collector. Approximately 200 µg of TMT-labeled peptides were

resuspended in 100 µl of buffer A (3% acetonitrile in 0.1% TFA) and separated with buffer B

(95% acetonitrile in 0.1% TFA) along a 90 minute gradient (0–3 min: 3–10%, 3-63 min: 10–32%,
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63–73 min: 32–55%, 73-74 min: 55%-95%, 74–79 min: 95%, 79–80 min: 95%-3%, 80-90 min:

3%) at 300 nl min−1. There were 48 fractions collected horizontally between 12 minutes and 60

minutes which were combined vertically to 12 fractions. Fractions were dried by vacuum

centrifugation and stored at -20˚C until LC-MS analysis. Fractions were solubilized in 5%

acetonitrile, 5% formic acid, and 500 ng of each fraction was analyzed by LC-MS/MS.

Mass spectrometry analysis of TPP samples

Lyophilized TMT-labeled peptides were resuspended in 5% ACN, 5% formic acid and subjected

to liquid chromatography coupled to tandem mass spectrometry (LC-MS/MS). Peptide samples

were loaded onto a 100 μm ID x 3 cm precolumn packed with Reprosil C18 1.9 μm, 120Å

particles (Dr. Maisch). Peptides were eluted over a 100 μm ID x 30 cm analytical column packed

with the same material housed in a column heater set to 50°C and separated by gradient elution

of 10 to 32% ACN in 0.15% FA over 60 min at 400 nl/min delivered by an Easy1200 nLC system

(Thermo Scientific). Peptides were online analyzed on an Orbitrap Eclipse mass spectrometer

(Thermo Scientific). Mass spectra were collected using a data dependent SPS-MS3 acquisition

method104. For each cycle a full MS scan (400-1400 m/z, resolution 120,000, AGC target 4e5,

max injection time 50 ms, charge states 2-6, dynamic exclusion 30s), followed by MS/MS scans

on the most intense precursor peaks using CID fragmentation and acquisition in the linear ion

trap (isolation width of 0.7 Da, normalized collision energy 36, rapid, AGC target 1e4, max

injection time 50 ms), each followed by an MS/MS/MS scan from coisolating and co-fragmenting

the 10 most intense MS/MS fragments, using HCD fragmentation and acquisition in the Orbitrap

for reporter ion quantification (isolation width of 0.7 Da, normalized collision energy 55,

resolution of 50,000, 1e5 AGC, max injection time 120 ms).

5.5.7 Mass spectrometry analysis of dynamic SILAC samples

Lyophilized peptides from the dynamic SILAC fractionated samples were subjected to

LC-MS/MS with a Easy1000 nLC system (Thermo Scientific) coupled to a QExactive hybrid
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mass spectrometer (Thermo Scientific), using columns of the same composition as above.

Peptides were separated over a 94 minute gradient of 80% ACN, 0.125% Formic acid (Solvent

B). The LC method started at 4% Solvent B for two minutes then continued with a gradient of

Solvent B ranging from 8-25% for RPB1 to 18-38% for RPB5. For a 120 minute MS run, the MS

duty cycle consisted of an MS1 followed by 20 data dependent MS/MS scans of top most

abundant precursors (dynamic exclusion set to 60 seconds). MS1 scans were performed at

70,000 resolution, 3e6 AGC, and max injection time of 100 ms over a 300-1,500 m/z range.

Most abundant precursors were isolated with a 2 m/z isolation window, fragmented at 26 NCE

with HCD, and subjected to MS/MS in the Orbitrap at 17,500 resolution, 5e4 AGC, and 54 ms

maximum injection time.

5.5.8 Mass spectrometry data analysis of TPP experiment

Raw files were converted to the mzXML format and MS/MS spectra were searched against a

target/decoy protein sequence database using Comet (Eng et al. 2015; Eng, Jahan, and

Hoopmann 2013) (version 2019.01) to make peptide-spectral matches. The database consisted

of the Uniprot human canonical proteome (Proteome ID: UP000005640, download date

8/11/2020) with GFP, NSP5, and NSP5 C145A amino acid sequences appended.

Mass tolerance search parameters were adjusted to acquisition instruments following

recommendations by Comet source website, i.e. 20 ppm precursor mass tolerance (Orbitrap),

0.02 Da fragment tolerance for MS/MS acquired on an orbitrap mass analyzer and 1.0005Da

tolerance with 0.4 Da offset for MS/MS acquired on a linear ion trap mass analyzer. LysC was

selected as the digestive enzyme with a maximum of 2 missed cleavages, constant

carbamidomethylation modification of cysteines (+57.0215 Da) and variable modifications of

methionine oxidation (+15.9949 Da). Variable modifications were also used to search for the

incorporation of non canonical amino acids. TMT-labeled samples were searched with constant
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modification (+229.1629 Da) on lysines and peptide N-termini. Search results were filtered with

Percolator106 to 1% false discovery rate at the PSM level. Peptide abundance was determined

using in-house quantification software to extract MS1 intensity or TMT reporter ion intensities.

Protein groups were assembled using ProteinProphet (Nesvizhskii et al. 2003). TMT reporter ion

intensities were corrected for isotopic interference.

5.5.9 Selection of peptides for melting curve fitting

For fitting melting curves, we only considered PSMs with reporter ion intensity greater than 0 in

channel 126 and channel 127N (SDS and NP40 channels) and where at least 5 of the top 10

most intense fragment ions in the MS2 belonged to the assigned peptide. After filtering, TMT

reporter ion intensities were transformed into relative fold-changes by normalizing each channel

intensity to the channel containing the 30˚C control (channel 126). PSMs were consolidated into

unique peptides by taking the median fold-change across all PSMs and charge states for each

unique peptide.

5.5.10 Peptide level melting curve normalization

To account for differences in the amount of material labeled in each channel, we applied a

normalization approach implemented in the (Miettinen et al. 2018) study. Briefly, we selected a

set of proteins with relative fold-changes between 0.5 and 2 across the entire temperature

range, and with a minimum of 5 unique peptides. We defined this set of proteins as our

“non-melting” proteins and used this protein set for sample loading normalization across the

entire dataset. Specifically, relative fold-changes for each protein were calculated by taking the

median fold-change from all peptides assigned to that protein. We then calculate correction

factors so that the median relative fold-change for each replicate and each temperature were

equal to 1. These correction factors were then applied across the entire dataset.
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5.5.11 Fitting melting curves and identifying proteins with significant

changes in thermal stability

For statistical analysis, peptides were additionally filtered for being observed in both replicates

across all three experimental conditions. Protein melting curves were calculated by taking the

median fold-change across the temperature range. Proteins were required to be quantified

using at least two unique peptides. To identify changes in protein thermal stability, we fit melting

curves and applied non-parametric analysis of response curves (NPARC) (Childs et al. 2019) in

a pairwise manner (i.e. GFP vs NSP5 (WT); GFP vs NSP5 (C145A); NSP5 (WT) vs NSP5

(C145A). The F-distribution was estimated empirically for each comparison to calculate

p-values, which were corrected for multiple comparisons using the Benjamini-Hochberg method.

Principal Component Analysis (PCA) was conducted in R using the ggbiplot R package. Lastly,

we also used NPARC to fit melting curves to individual peptides, and extracted melting

temperature and area under the melting curve (AUC).

5.5.12 Database searching, protein turnover calculation, statistical testing,

and bioinformatic analysis of dynamic SILAC samples

For protein turnover, MS raw files from NSP5, NSP5 C145A, and GFP overexpression,

fractionated HEK293T samples were database searched using MaxQuant (Cox and Mann

2008) (v.1.6.14.0) for peptide identification and quantification. The data was searched against

the Uniprot human canonical proteome (Proteome ID: UP000005640, download date 8/11/2020)

with GFP, NSP5, and NSP5 C145A amino acid sequences appended. The following parameters

were used in the database search: LysC enzyme specificity (cleavage C-terminal to lysine

except when followed by proline) with maximum two missed cleavages, 20 ppm MS1 and MS2

mass tolerance, fixed carbamidomethyl modification on cysteines, and variable modifications for
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oxidation on methionine, 13C6
15N2-Lysine-8 on lysine, and acetylation at protein N-termini.

Peptide spectral matches and proteins were filtered globally at a 1% FDR.

Heavy and light peptide features for the fractionated samples were extracted from the

evidence.txt file. Following PSM filtering requiring both heavy and light features, PFP fractions

were median normalized by PSM total intensities (heavy + light), and heavy and light intensities

were corrected by the fraction’s total intensity normalization factor in order to preserve the

observed heavy/light intensity ratio. PSM quantifications across fractions were consolidated to

the peptide level for each sample using a weighted average heavy/light ratio to calculate a

relative protein turnover ratio (RTO=log2(Σ(heavy)/Σ(light)) (Zecha et al. 2022). Peptides were

required to be observed in at least two of the four replicate conditions for generation of protein

replicate correlations and identifications across samples (Appendix C Supplementary Figures 1a

and 2).

For statistical analysis, peptides were additionally filtered for being observed in all three

experimental conditions in at least two replicates. Protein RTO was calculated by taking the

median of its peptides RTO per sample with at least two peptides per protein. For ANOVA and

limma analysis, proteins needed to be observed in at least three replicates across all three

conditions (n=3-4). Limma was used to compare each combination of conditions with n=3-4

replicates per condition. ANOVA and limma (Ritchie et al. 2015) (R package limma) statistical

tests were conducted using R (v.3.6.1) in the RStudio environment (v.1.4.1103) to calculate

p-values, which were corrected for multiple comparisons using the Benjamini-Hochberg method.

Principal Component Analysis (PCA) was conducted in R using the ggbiplot R package, which

required the additional filter that proteins be found in all replicates. Perseus (Tyanova et al.

2016) was used to generate dendrograms and perform hierarchical clustering for the ANOVA

significant hits Z-scored RTO values. Enriched gene ontology terms for the ANOVA significant
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protein clusters were determined using all ANOVA tested proteins as background. Protein

structures for the ribosome and U4/U6 spliceosome were downloaded from the Protein Data

Bank and visualized using open-source PyMOL.

150



Chapter 6: Functional interrogation of proteomes at
single amino acid resolution

Protein biochemistry is in the midst of a revolution, and mass spectrometry-based proteomics is

an essential tool to fully realizing the potential of this revolution. The methods presented in this

dissertation, and the observations that have emerged as a result of their development, are only

a small part of the larger movement in the field toward mapping protein functions at single

amino acid resolution, and offer an opportunity to address the problem of elucidating protein

sequence-function relationships.

The overarching theme of my thesis work has been to interrogate sequence-function

relationships from a proteomics perspective. There were two main goals from the outset of this

project. The first goal was to develop a technology that increased the scale of mutational

scanning-type experiments from single proteins to entire proteomes. To accomplish this goal, I

helped develop Miro, a proteomics platform that generates protein containing amino acid

substitutions across entire proteomes and measures the effects of substitutions using

biochemical selections with a mass spectrometry-based readout. To further develop Miro, I

screened a panel of 26 non-canonical amino acids for proteome-wide incorporation in yeast, all

of which were curated for their potential for incorporation based on in vitro (Hartman,

Josephson, and Szostak 2006; Hartman et al. 2007) or in vivo (Richmond 1962; Cowie et al.

1959) evidence. Even within this set of analogs, incorporation varied drastically, with fluorinated

amino acids emerging as the analogs most effective at bypassing translational quality control in

yeast. Interestingly, the relationship between analog toxicity and proteome-wide incorporation

was, at-best, complicated; while most toxic ncAAs incorporated in yeast, several analogs were

toxic with no evidence of incorporation, and conversely, some mistranslating ncAAs were not

toxic (at the concentrations we tested). I intentionally selected one of these “non-toxic” ncAAs,
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thioproline, to assess its effects on protein stability in Chapter 3. While this analog was less

impactful than its structural neighbor, azetidine, I still found close to 100 substitutions in yeast

that significantly altered thermal stability, the majority of which occurred at proline residues

insensitive to azetidine, indicating that there may be significant value in probing the effects of

any mistranslating ncAA on the molecular phenotypes of proteins, regardless of its inherent

toxicity on cell viability and biology. This finding has future implications for larger chemical

libraries and for porting these systems into mammalian cells.

The experiments presented here also suggest that proteome-wide incorporation of ncAAs is

indiscriminate; genes that are considered “essential” and “non-essential” in yeast (at least when

grown in standard laboratory conditions, which were used here) were equally susceptible to

mistranslation. However, variant coverage was biased towards abundant proteins and proteins

with slower half-lives. Future advances in instrumentation, data acquisition, and data processing

should alleviate some of this bias towards abundance. However, the bias towards slower

turnover proteins hints at some intrinsic biological constraints. Endogenous protein quality

control, even in minimally mistranslated proteomes, may prevent some extremely damaging

substitutions from being quantified within proteins, and may warrant additional manipulation of

protein quality control machinery to achieve complete coverage. On a final note, the analogs I

screened in yeast were also screened in Escherichia coli by another colleague, Dr. Bianca Ruiz,

who found similar patterns and levels of proteome-wide mistranslation. These screening data

add additional support to the generalizability of Miro to other biological systems (such as

mammalian cells).

The second goal at the outset of this project was to develop and apply modular proteomics

assays on mistranslated proteomes. On the one hand, this goal included adapting

currently-available proteomics assays to be compatible with mistranslated proteomes and
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peptide-level readouts. In Chapter 2, I showcased the adaptation and application of Thermal

Proteome Profiling in an azetidine-mistranslated proteome. On the other hand, there was

motivation to continue developing new methods to enable novel discoveries, insights, or

experimental scale, and to extend these methods to other collections of protein variants, such

as proteins with post-translational modifications, or more conventional mutational libraries,

where these methods may provide a more mechanistic understanding of variant effects. In

Chapters 3 and 4, I developed and modified a previously-existing stability assay to measure

protein relative stability in high-throughput, and showed how this approach could be coupled

with small molecules to identify ATP binding sites proteome-wide, in addition to identifying

residues that may be important for allostery within ATP-binding proteins.

The proteomics assays described in this dissertation provide a snapshot of the type of

information we can glean by coupling protein variants with biochemical selections. Most of my

efforts in this space have been geared towards thermal stability assays, given that it is an

incredibly rich molecular phenotype. For one, protein stability is intrinsically tied to a protein’s

fold and structure. Thus, changes in thermal stability caused by an amino acid substitution may

pinpoint residues important for protein fold and structure. For another, protein thermal stability is

acutely sensitive to changes in protein functions, such as changes in interactions with binding

partners (Becher et al. 2018), small molecules, (Savitski et al. 2014), or changes in enzymatic

activity (André Mateus et al. 2020; Perrin et al. 2020). Unsurprisingly, we detected several

instances of residues at interaction interfaces that altered protein stability in Chapter 3.

However, an added benefit to protein thermal stability as a property to assay is that these

methods can be easily expanded to include secondary selections and subsequently to probe

changes in stability in this context. For example, in Chapter 4 I showcased how including

metabolites or small molecules in this workflow helped identify residues involved in mediating

interactions with proteins. One could imagine including other types of biomolecules in this
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workflow to probe targeted questions of protein biology, such as: including motif-containing

oligonucleotides of DNA or RNA to determine which proteins bind a particular motif; spiking in

protein domains to define which proteins across the proteome are recognized by particular

domains; or using peptides containing ncAA-encoded PTMs to map which protein-protein

interactions are mediated by these PTMs. Simply put, thermal stability assays are both

phenotypically rich measurements and are highly modular workflows with plenty of room for

user- and question-specific customization. Case in point, in Chapter 5, I illustrated how thermal

stability workflows can be adapted to identify protease substrates in an unbiased manner.

Future methodological improvements

Having reached the end of the first round of development for these technologies, what is left to

be done and improved upon? I highlight several outstanding questions and briefly discuss some

of the key improvements needed to address these questions below.

I. Are we missing the most damaging substitutions?

Variant coverage is still a major challenge and constraint. Even in the best of circumstances

presented here (i.e., in a deeply fractionated proteome from a relatively “simple” organism,

acquired on state-of-the-art instrumentation with real time search and multiplexing capabilities) I

still only captured ~18% of the possible substitutions across the detected yeast mistranslated

proteome; this fraction does not even take into account proteins that we miss in this workflow,

such as membrane proteins and insoluble nuclear proteins. Additionally, we quantified the

effects of substitutions in only ~700 out of ~6500 possible yeast proteins. Of course, not all of

these proteins are expressed in standard laboratory growth conditions, nor are they all

compatible with biochemical selections that require proteins to be soluble in non-denaturing
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buffers, but proteome coverage is clearly an important bottleneck that will benefit from

alternative functional selections and workflows targeting different subsets of the proteome, such

as selections for solubility. Improvement in this area should help clarify the observed systematic

“tolerance” of ncAA substitutions in Chapter 3. Given the significant correlation between variant

coverage and protein and peptide abundance, and the current lack of enrichment strategies for

mistranslated peptides (not accounting for click chemistry-based enrichment), continued

advances in intelligent data acquisition strategies (Schweppe et al. 2020) will be crucial, with a

particular focus on methods that do not rely on observing the peptides-of-interest in the initial

precursor scan (i.e. MS1 scan).

II. Should we increase proteome-wide mistranslation?

Alternatively, increasing proteome-wide mistranslation by supplementing media with a higher

concentration of ncAA may offer a feasible solution to this problem. Dialing up mistranslation

should increase the abundance of ncAA-containing peptides, which would increase coverage of

the mistranslated proteome using current instrumentation. However, one important

consideration with increasing proteome-wide mistranslation is whether or not epistasis has a

significant confounding effect at higher mistranslation rates. For one, the host cell will mount a

stress response at higher mistranslation levels, which would presumably increase the fraction of

the proteome actively monitored by molecular chaperones. For another, higher mistranslation

rates increase the number of proteins with two, three, sometimes four ncAA incorporation

events, exponentially expanding the combinatorial protein variant space, which would be

subsequently decoupled by enzymatic digestion. Presumably, epistasis can still be mitigated,

but I advise extreme caution before concluding too much from proteomes with a higher

mistranslation frequency; it is not clear at this point whether some proteins would be more

susceptible than others, and whether or not specific analogs would be more likely to generate

epistatic effects.
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III. What functional selections are most informative?

The last area where there is still plenty of room growth is in the types of functional selections

compatible with mistranslated proteomes and protein variants. Several established proteomics

assays already exist that could feasibly be adapted for mistranslated proteomes, such as

assays for protein-protein interactions (Affinity Purification-MS, Size Exclusion

Chromatography-MS, crosslinking-MS, Protein Correlation Profiling), subcellular localization

(LOPIT, hyperLOPIT), catalytic activity (Activity-Based Proteome Profiling), turnover (dynamic

SILAC), solubility (Solubility Proteome Profiling, Ionic Proteome Integral Solubility Alteration),

and accessibility (Limited Proteolysis, Protein Painting). Additionally, as we saw with protein

thermal stability, some of these assays may be extended through modifications to the workflow.

However, which functional selections are most informative for different facets of protein biology,

and how many functional selections are needed if the end-goal is to classify residues as

functional or non-functional, are questions that will need to be answered with time. These are

questions that should become clearer as we continue to apply these assays to different

mistranslated proteomes and different cellular and organismal contexts, and as the proteomics

community as a whole begins to apply these selections proteome-wide for functional proteomics

questions.

IV. Moving towards peptide-level readouts of protein function

A theme that I explored only implicitly here is the role of peptide-level readouts in mapping

sequence-function relationships. From the experiments presented here and from my own

personal experience in the lab working with these datasets, precise and accurate peptide-level

measurements of protein properties (e.g. stability and turnover) are essential to tackling

challenging questions in protein biology. For the field of proteomics as a whole, collapsing

peptide-level measurements (even measurements of abundance) to quantify “proteins”, while
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convenient in certain applications, is likely concealing a lot of underlying protein dynamics

related to proteoforms (Plubell et al. 2021). For any given protein in any given sample, a

plethora of molecular permutations may exist due to PTMs, splicing, and cleavages, among

other molecular changes, that drive diversity. Many of these biological drivers are embedded in

the peptides that span these sites (Plubell et al. 2021), as we saw when measuring the effects

of the SARS-CoV-2 protease NSP5 on protein turnover and stability; we could identify

substrates of the enzyme by looking for peptide-level changes in turnover or stability in regions

flanking the cleavage sites. Protein-level quantification still has its place in proteomics. However,

if protein-level quantification is required at all, there has to be care and caution on which

peptides should be chosen for consolidation, as differences in the peptides acquired due to

sample differences, batch effects, or instrument methods (e.g. DDA) may confound or be

misleading to the true underlying biology in a system. A move towards less biased instrument

methods, such as Data-Independent Acquisition, may mitigate some of these issues, but still

fails to address the biggest constraint - which is that peptides are the biological molecules

quantified at the end of the day, not proteins.

Future applications

Where else will the technologies and ideas presented in this thesis have an impact? I want to

briefly conclude by looking at two areas of applications.

I. What are the consequences of other forms of sequence variation?

Amino acid substitutions are just a subset of the possible diversity across the proteome.

Post-translational modifications represent an old, yet exciting frontier that is garnering significant

interest in the last few years due to advances in quantitative proteomics and sample throughput.
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Will probing the effects of PTMs on protein biochemical properties yield novel biological insights

into protein function? Potentially. Early signs suggest these technologies and applications

should provide valuable insights from coupling protein turnover or thermal stability with

collections of phosphorylated or ubiquitinated proteins (Smith et al. 2021; Potel et al. 2021;

Zecha et al. 2018, 2022; J. X. Huang et al. 2019).

II. What will the convergence of genomics and proteomics look like in the coming decade?

Several clues can be found in recently-developed technologies that suggest increased

harmonization moving forward. For one, peptide barcoding is a promising technology that has

yet to be explored to its full potential (Egloff et al. 2019). The few applications so far have done

a good job at characterizing collections of mutant proteins. However, they have yet to be used

for multidimensional molecular phenotyping purposes. I imagine this will change in the near

future. For another, developments in adjacent fields are establishing inroads for proteomics in

areas where it can have an immediate impact without needing to change much current

technology. For example, proteomics, even in the absence of barcodes, could be coupled to

collections of designed proteins to characterize synthetic protein properties, such as

oligomerization, protein-protein interactions, or thermal stability and solubility. As long as these

proteins are diverse in their primary amino acid sequence, the peptides they generate should

match the complexity of a conventional bottom-up proteomics sample. As another case in point,

conventional mutational libraries are hampered by low diversity and high similarity in sequence

space. However, continuous evolution and directed evolution platforms, such as OrthoRep

(Ravikumar et al. 2018) and PACE (Esvelt, Carlson, and Liu 2011) generate proteins that are

several mutation steps away from the “ancestral” starting protein sequence. Some of these

technologies have even been used to generate diverse collections of protein orthologs from a

common ancestor that maintain the ancestral function, but have evolved ancillary functions for

synthetic biology purposes (Rix et al. 2020). Given the degree of sequence variation within
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these proteins, mass spectrometry-based proteomics assays offer a unique opportunity to

characterize the functions of these orthologs in high-throughput. In turn, coupling these

multidimensional profiling maps of diverse protein orthologs with computational advances and

machine learning will yield fundamental insights into protein evolution and sequence-function

relationships.

Concluding remarks

Protein biochemistry and sequence-function relationships have been at the core of scientific

inquiry for decades, and are now front-and-center due to rapid technological innovations. In

turn, scientists have been able to leverage our understanding of protein biology to manipulate

and engineer the world around us. Meat alternatives, CAR-T cell therapies, antivirals for

COVID-19, and prenatal genetic testing are modern day examples of this impact. How long will

this revolution last in protein biochemistry? Given the fundamental role of proteins in genome,

organelle, cellular, tissue, and organismal function, I imagine we will see continued progress

and impacts throughout this century. Over the next ~80 years, we may see transformative

technologies around customized therapies for individuals based on genetics, engineering of

synthetic organisms using orthogonal translation systems, and the design and evolution of

proteins to tackle climate change. A continued quest to understand protein sequence, structure,

and function will be essential to making these futures become a reality.

159



APPENDIX A: SUPPLEMENTAL MATERIAL FOR CHAPTER 2

Supplemental Figure 2.1. Toxicity screen for a library of ncAA. Growth curves for
S.cerevisiae cultures in the presence of various concentrations of ncAAs (see Supplementary
Table 1 for amino acid structures and concentrations).
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Supplemental Figure 2.2. Effects of azetidine-2-carboxylic acid alters cis-trans
equilibrium in peptides and alters chromatographic retention time. A) Histogram of
retention time differences between wild type and azetidine-2-carboxylic acid containing peptide.
B) Scatterplot showing correlation between chromatographic retention times between
s.cerevisiae wild type peptides and their azetidine-2-carboxylic containing counterparts. C)
Distribution of retention time differences between wild type and azetidine-2-carboxylic acid
containing peptide binned by peptide length. D) Scatter plot of retention time differences
between wild type and azetidine-2-carboxylic acid containing peptides and relative position of
misincorporated proline site binned and colored by peptide length. E) Boxplot of retention time
differences between wild type and azetidine-2-carboxylic acid containing peptide and binned by
dipeptide motif where Aze misincorporation occurs.
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Supplemental Figure 2.3. Proteins in the ribosome pulldown. A)Significant Gene ontology
terms enriched in ribosome purification. B) Venn diagram displaying the number and overlap of
protein identifications for whole cell lysate and ribosome pulldown eluate fractions, as well as
the coverage for the ribosome.
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Supplemental Figure 2.4: Thermal proteome profiling on yeast lysates with
azetidine-2-carboxylic acid misincorporation. A) Summary statistics of identified unique
peptides containing azetidine-2-carboxylic acid and corresponding proteins across two replicate
thermal proteome profiling experiments. B) The number of singly- and doubly-modified azetidine
substitutions detected. C) Associations between structural and evolutionary features with
azetidine sensitivity. From left to right: secondary structure (Coil: 162; Turn: 109; Helix: 96;
Sheet: 31), structure disorder predictions (Disordered: 41; Ordered: 409), evolutionary
conservation measured as raw Shannon entropy values (Destabilizing: 23; Non-significant: 358;
Stabilizing: 9), and proline conformation (Cis: 17; Trans: 381). Listed p-values above each
comparison are from Wilcoxon-ranked sum test.
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Supplemental Figure 2.5. A conserved polyproline region is important for Gpm1 stability
in yeast. A) Crystal structure (PDB ID: 1BQ4) of tetrameric yeast phosphoglycerate mutase
(Gpm1) with the positions of destabilizing substitutions highlighted in red. B) Positional
sensitivity map of Gpm1, which includes differences in melting curves (∆AUC), predicted effects
of natural substitutions (∆∆G), and residue conservation across other eukaryotic Gpm1
orthologs. C) Melting curves for two proline-to-azetidine substitutions within a conserved
polyproline helix in Gpm1 that decrease protein thermal stability.
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Supplemental Table 2.1. Library of ncAAs with structures and concentrations used in the
toxicity and incorporation screens.

Symbol Name Structure

Growth
screen

concentratio
ns (µg/ml)

Incorporat
ion

concentrat
ion

(µg/ml)

A1 2-methylalanine

3.91
7.81

15.63
31.25
62.5
125
250
500

500

A2
1-aminocycloprop
ane-1-carboxylic

acid

3.91
7.81

15.63
31.25
62.5
125
250
500

500

D1 3-methylaspartic
acid

1.96
3.91
7.81

15.63
31.25
62.5
125
250

100

E1 4-fluoroglutamic
acid

1.96
3.91
7.81

15.63
31.25
62.5
125
250

80
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F1 4-amino-L-phenyla
lanine

7.81
15.63
31.25
62.5
125
250
500

1000

250

F2 4-fluoro-L-phenylal
anine

3.91
7.81

15.63
31.25
62.5
125
250
500

30

F3 beta-methylphenyl
alanine

3.91
7.81

15.63
31.25
62.5
125
250
500

500
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I1 D-cyclohexylglycin
e

3.91
7.81

15.63
31.25
62.5
125
250
500

1000

L2 3-tert-butyl-L-alani
ne

3.91
7.81

15.63
31.25
62.5
125
250
500

1000

L3 3-cyclopentane-L-
alanine

7.81
15.63
31.25
62.5
125
250
500

1000

1000

M1 DL-ethionine

3.91
7.81

15.63
31.25
62.5
125
250
500

1000
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M2 DL-norleucine

7.81
15.63
31.25
62.5
125
250
500

1000

1000

M3 L-azidohomoalani
ne

7.81
15.63
31.25
62.5
125
250
500

1000

80

P1 (2S)-azetidine-2-c
arboxylic acid

1.96
3.91
7.81

15.63
31.25
62.5
125
250

100

P2 beta-thiaproline

3.91
7.81

15.63
31.25
62.5
125
250
500

500

P3 L-thioproline

3.91
7.81

15.63
31.25
62.5
125

500
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250
500

P4 L-hydroxyproline

3.91
7.81

15.63
31.25
62.5
125
250
500

500

Q1 L-theanine

3.91
7.81

15.63
31.25
62.5
125
250
500

500

R2 L-homoarginine

1.96
3.91
7.81

15.63
31.25
62.5
125
250

500
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V2 L-tert-leucine

3.91
7.81

15.63
31.25
62.5
125
250
500

500

V3 L-cyclobutyl-glycin
e

3.91
7.81

15.63
31.25
62.5
125
250
500

250

W1 5-fluorotryptophan

1.96
3.91
7.81

15.63
31.25
62.5
125
250

15

W2 5-hydroxy-L-trypto
phan

3.91
7.81

15.63
31.25
62.5
125
250
500

30

170



W3 L-3-benzothienylal
anine

3.91
7.81

15.63
31.25
62.5
125
250
500

80

Y1 3-fluoro-L-tyrosine

1.96
3.91
7.81

15.63
31.25
62.5
125
250

5

Y2 3-nitro-L-tyrosine

1.96
3.91
7.81

15.63
31.25
62.5
125
250

60
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APPENDIX B: SUPPLEMENTAL MATERIAL FOR CHAPTER 3

Supplemental Figure 3.1. Relationship between global mistranslation and protein-level
incorporation for the entire yeast proteome. (A) The distribution of phenylalanine residue counts in
the amino acid sequences of the yeast proteome. (B) The relationship between theoretical global
mistranslation percentage and the fraction of proteins across the yeast proteome that would incorporate
a specific amount of ncAA substitutions per round of protein synthesis. All data is for a hypothetical
phenylalanine analog. (C) The relationship between theoretical global mistranslation rate and the
theoretical number of ncAA substitutions per protein molecule synthesized. Each point is a single
protein and the anticipated number of ncAA substitutions events for a hypothetical phenylalanine
analog. (D) Fraction of proteome that is mistranslated at different global mistranslation percentages for
each of the seven residues targeted in our study.
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Supplemental Figure 3.2. Dose-dependent toxicity and IC50 estimation for seven ncAAs. (A)
Growth curves for yeast grown in synthetic complete media in the presence of one of seven different
ncAAs (listed above each plot) at different concentrations (represented by the color). Azetidine (P1)
was not included in this initial screen. (B) Dose-response relationships between ncAA concentration
and relative area under the growth curve, labeled as relative growth.
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Supplemental Figure 3.3. Proteome-wide mistranslation is tunable and increases linearly. (A-B)
Total number of (A) PSMs and (B) unique peptides per mistranslated proteome across eight different
ncAAs. PSMs and peptides labeled as: (1) ncAA contain the substitution of interest; (2) WT contain the
cognate amino acid that is targeted for mistranslation by the indicated ncAA; (3) other does not contain
a ncAA substitution or a possible site for substitution. (C) The percent of PSMs that contain a ncAA
relative to the total number of possible PSMs (ncAA PSM count divided by ncAA plus WT PSM count).
(D) Dose-response relationship between ncAA concentration and median proteome-wide
mistranslation, as determined by MS1 signal intensity for ncAA-containing peptides and WT peptides in
each mistranslated proteome.
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APPENDIX C: SUPPLEMENTAL MATERIAL FOR CHAPTER 5

Supplementary Figure 5.1: Protein identifications for protein turnover and protein thermal stability
assay. a) For protein turnover, bar plot of protein identifications of HEK293T proteomes overexpressing
GFP (purple), NSP5 C145A (blue), and NSP5 wildtype (green) with points representing identifications for
each replicate. b ) Same as (a) for protein thermal stability assay (thermal proteome profiling: TPP).
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Supplementary Figure 5.2: Dynamic SILAC replicate reproducibility. a) The lower triangle contains
scatter plots comparing RTO for all pairwise replicates (within and across protein overexpression
conditions). Each point represents a protein. The density plots along the diagonal are for each replicate’s
RTO distribution across conditions. The upper triangle contains the Pearson Correlation R for all pairwise
replicates across all the overexpression conditions.

176



Supplementary Figure 5.3: Pairwise Limma analysis of overexpression conditions. a) Pairwise
statistical comparison between NSP5 C145A and GFP with Limma. The x-axis designates the difference
in median replicate RTO between the conditions or ΔRTO. The y-axis designates the negative log10 of the
Benjamini-Hochberg adjusted Limma p-value (q-value). Significantly faster (purple) and slower (green)
RTO proteins are designated by a q-value < 0.05. Proteins with no significant difference in RTO are
designated in blue. b) Same as in (a) but for the pairwise RTO comparison between NSP5 wildtype and
GFP. c) Same as in (a) but for the pairwise RTO comparison between NSP5 wildtype and NSP5 C145A.
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Supplementary Figure 5.4: Hierarchical clustering of samples and ANOVA significant proteins for
GO enrichment analysis. a) Dendrogram that uses hierarchical clustering to cluster sample replicates
(columns) and ANOVA significant proteins (rows). Bar plot above the dendrogram is colored according to
the overexpression condition (purple:GFP ; blue:NSP5 C145A ; green:NSP5 wildtype). ANOVA significant
proteins were clustered into 4 groups with its tree and label colored accordingly. Protein values are
Z-score scaled across all condition’s replicates (row-wise) scaled from higher RTO as red and lower RTO as
blue. b) Extracted protein RTO profiles (Z-score scaled values as in (a)) are projected as line graphs for
Cluster 2 (top) and Cluster 4 (bottom). Gene ontology enrichments for Clusters 2 and 4 (top and bottom
respectively) are plotted as bar plots with its adjusted p-value plotted on the x-axis (all adjusted p-value <
0.05) and it's GO term on the y-axis. Bars are colored according to their broad GO term designation (GO
Molecular Function:GOMF ; GO Biological Process:GOBP ; GO Cellular Compartment:GOCC).
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Supplementary Figure 5.5: Crude Thermal Proteome Profiling replicate reproducibility. a) The lower
triangle contains scatter plots comparing protein area under the melting curve for all pairwise replicates
(within and across protein overexpression conditions). Each point represents a protein. The density plots
along the diagonal are for each replicate’s AUC distribution across conditions. The upper triangle contains
Pearson Correlation R for all pairwise replicates across all the overexpression conditions.
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Supplementary Figure 5.6: Pairwise NPARC analysis of overexpression conditions. a) Pairwise
statistical comparison between (a) NSP5 C145A and GFP; (b) NSP5 WT and GFP; (c) NSP WT and
NSP5 C145A with non-parametric analysis of response curves (NPARC). The x-axis designates the
difference in median replicate area under the melting curve (auc) between the conditions. The y-axis
designates the negative log10 of the Benjamini-Hochberg adjusted NPARC p-value (q-value).
Significantly stabilized (purple) and destabilized (green) proteins are designated by a q-value < 0.05.
Proteins with no significant difference in RTO are designated in blue.
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