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Abstract

Using deep mutational scanning to study protein function and disease

Vanessa Nguyen

Chair of the Supervisory Committee:

Douglas Fowler

Department of Genome Sciences

Hsp90 is a crucial molecular chaperone that regulates proteostasis by facilitating the refolding

and activation of various signaling proteins. Its importance in protein folding and activation has made it a

potential target for the treatment of cancer and neurodegenerative diseases. However, due to the diverse

sequence space of Hsp90's clients, it has been challenging to characterize the determinants driving

Hsp90 function and client recognition. Recent advances in DNA sequencing technology have allowed for

multiplexed assays capable of studying thousands of variants and cells in a single experiment. In this

thesis, I review the deep mutational scanning technique and its most recent advancements in protein

science. Deep mutational scanning can further our understanding of protein biochemistry by generating

comprehensive maps of effects of mutations on protein function. To demonstrate its utility, I use deep

mutational scanning to investigate the molecular determinants of Hsp90's recognition of Src kinase, a

model proto-oncogene. Through this work, I identify novel structural hotspots on the catalytic domain that

drive Src's dependence on Hsp90. This study proposes a new model of Hsp90 client recognition, which

may serve as a framework for a unified model of Hsp90 chaperoning of client kinases. Overall, this

research showcases the potential of deep mutational scanning in furthering our understanding of protein

biochemistry and the mechanisms underlying Hsp90 client recognition.
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Chapter 1. Introduction

1.1 Hsp90: a central node of proteostasis

The heat shock response (HSR) is a conserved mechanism in eukaryotes and prokaryotes that

maintains proteostasis during heat stress. Ferruccico Ritossa first discovered the heat shock response in

1962 while studying nucleic acid synthesis in Drosophila salivary glands1,2. Ritossa noticed that cells that

had been unintentionally left in a high heat environment had increased transcriptional activity, which was

the heat shock response. Ritossa’s original manuscript detailing their discovery of the HSR was

dismissed by an editor of a highly respected journal for lack of biological relevance. Nonetheless, with

over eighty-five thousand published studies on PubMed today, the HSR is now widely recognized as a

biologically relevant phenomenon.

In the HSR, physiological stress signals including elevated temperatures, oxidative stress,

nutrient deprivation, hypoxia, and apoptotic stimuli induce the expression of various heat shock proteins

(HSPs)3. HSPs are multifunctional proteins with a primary function of folding and refolding misfolded

proteins4. While physiological stress signals induce the HSR and subsequently HSP expression, HSPs

are also present under normal growth conditions. HSPs comprise 5-10% of total cellular protein and

assist in the folding and activation of nascent polypeptides5. Given their crucial role in protein folding,

HSPs have become a subject of interest for biologists and drug developers.

HSPs are oligomeric proteins classified by the molecular weight of their monomer. The primary

heat shock families are Hsp100, Hsp90, Hsp70, Hsp60, and small HSP (sHSP). Hsp90, which accounts

for up to 6% of total cellular proteins during the HSR, is of particular interest6. Hsp90 regulates various

protein substrates, known as clients, by mediating their late-stage maturation, activation, stabilization,

aggregation, and degradation. Hsp90 associates with a broad range of structurally and functionally

diverse clients, including tau protein, synuclein, kinases, steroid hormone receptors, and E3 ligases7. By

chaperoning diverse client signaling proteins, Hsp90 occupies a central node that regulates cell

differentiation, development, adaptive immunity, and proteostasis7–9.

https://paperpile.com/c/MHlDAB/uPbBE+ShTP2
https://paperpile.com/c/MHlDAB/5os1s
https://paperpile.com/c/MHlDAB/CRd40
https://paperpile.com/c/MHlDAB/dY65R
https://paperpile.com/c/MHlDAB/YhhDV
https://paperpile.com/c/MHlDAB/wpAoM
https://paperpile.com/c/MHlDAB/wpAoM+jA9vc+WMeqG
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Hsp90 forms a central node of proteostasis and has multiple isoforms localized to different

subcellular compartments. Mammals express two isoforms, Hsp90α and Hsp90β, in the cytosol10. The

isoforms are functionally similar, but are expressed under different conditions. Hsp90α expression is

induced by physiological stress during the HSR while Hsp90β is constitutively expressed in the cytosol.

Other isoforms include GRP94 (glucose regulated protein), expressed in the endoplasmic reticulum (ER)

and TRAP-1 (tumor necrosis factor receptor associated protein 1), expressed in the mitochondrial

matrix8,10. The ER and mitochondrial isoforms of Hsp90 are both functionally and structurally similar to the

cytosolic isoforms of Hsp90. Subtle differences exist between GRP94, TRAP-1, Hsp90α, and Hsp90β.

Hsp90α and Hsp90β, at least, bind similar sets of client proteins, and thus mentions of Hsp90 typically

refer to both cytosolic isoforms.

1.2 Hsp90 structure and function

Hsp90 exists as a homodimer composed of 90 kilodalton monomers, forming a clamp-like

structure that associates with and refolds client proteins. Each Hsp90 monomer is composed of three

distinct conserved domains: an N-terminal dimerization domain (NTD), a middle domain (MD), and

C-terminal dimerization domain (CTD) (Figure 1.1A) 4,11. Additionally, a charged region of variable length

between the NTD and MD is conserved across eukaryotic HSPs and essential for Hsp90 function12.

The NTD contains a nucleotide-binding site and a “cap” that closes over the binding site when

ATP is bound13. The cap and nucleotide-binding residues are highly conserved and critical to Hsp90’s

ATPase function. The MD contains catalytic residues that drive the hydrolysis of ATP bound by the NTP14.

Additionally, most client proteins associate with Hsp90 through the MD4. The CTD contains the

dimerization interface at the base of the Hsp90 clamp as well as a highly conserved MEEVD peptide that

associates with co-chaperones containing a tetratricopeptide repeat clamp15. While the NTD is the

primary site of ATP binding and hydrolysis, the CTD also contains a nucleotide binding site that becomes

available when the nucleotide binding site of NTD is occupied4. The CTD nucleotide binding site, together

with the catalytic residues of the MD, regulate the ATPase activity of Hsp90.

https://paperpile.com/c/MHlDAB/f1TUE
https://paperpile.com/c/MHlDAB/f1TUE+jA9vc
https://paperpile.com/c/MHlDAB/KL396+CRd40
https://paperpile.com/c/MHlDAB/WCtgp
https://paperpile.com/c/MHlDAB/hDrNy
https://paperpile.com/c/MHlDAB/Fbkxe
https://paperpile.com/c/MHlDAB/CRd40
https://paperpile.com/c/MHlDAB/z96FL
https://paperpile.com/c/MHlDAB/CRd40
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Figure 1.1 (A) Domain organization of Hsp90 dimer (green) bound to ATP (pink). (B) The Hsp90 cycle

begins when the early complex composed of Hsp40 (purple), client protein (brown), and Hsp70 (teal) bind

to Hsp90 and Hop (blue) to form the intermediate complex. Subsequent binding of Aha1 (light green)

allows for ATP-binding at the NTD of Hsp90. Dissociation of Aha1 drives a conformational change in

Hsp90 through ATP hydrolysis, thereby releasing the refolded client protein.

Hsp90 performs its primary role refolding client proteins through a cycle of ATP binding, client

binding, and ATP hydrolysis (Figure 1.1B). apo-Hsp90 exists as a homodimer that is only dimerized at

the CTD. The Hsp90 cycle initiates with the binding of ATP at the NTD. Upon ATP binding, the conserved

cap of the NTD closes over the bound nucleotide, allowing the dimerization of the NTD and the trapping

of client proteins in the Hsp90 lumen. Finally, ATP hydrolysis drives a conformational change in the closed

Hsp90 conformation, thereby refolding and activating the client proteins bound to Hsp90.

In addition to Hsp90 and the bound client protein, many other proteins, referred to as

co-chaperones, are involved in the Hsp90 cycle. In order to associate with a broad array of client proteins,

Hsp90 associates with a variety of co-chaperones that capture client proteins and bring them to the

Hsp90 complex to be refolded. Prior to a client’s association with Hsp90, the HSPs Hsp70 and Hsp40 first

form an early complex together with a client protein. This early complex associates with Hsp90 to form

what is referred to as an intermediate complex. The intermediate complex is then bound by the

co-chaperone Hop, which associates with both the NTD and MEEVD motif of the CTD of Hsp90 to block

ATP hydrolysis. Once bound to both domains, the co-chaperone Hop facilitates the transfer of the client
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protein to the MD of Hsp90. The co-chaperone Aha1 associates with NTD and MD of Hsp90 to allow for

the binding of ATP and regulates the ATPase activity of Hsp90 through interactions with the catalytic loop

of the MD of Hsp90. The dissociation of Aha1 from Hsp90 drives ATP hydrolysis by the NTD and MD of

Hsp90 and further dissociation of co-chaperones, Hsp70, and Hsp40. The ATP hydrolysis at the NTD

drives the conformational change of the Hsp90 dimer that facilitates the refolding of the bound client

protein. Once hydrolyzed, the cap on the NTD releases the ADP and the client protein unbound to allow

the Hsp90 chaperone cycle to begin again.

Research on the Hsp90 cycle has been primarily focused on individual stages and chaperones,

leading to an incomplete understanding of the entire Hsp90 cycle. Recent studies have highlighted the

influence of both the cell cycle and post-translational modifications on Hsp90 activity and its ability to

refold and activate client proteins. However, much of this phenomenon remains poorly understood16.

Moreover, an essential aspect of the Hsp90 cycle that requires further investigation is the

mechanism by which it recognizes its various client protein substrates. The current widely-accepted

hypothesis is that co-chaperones identify certain conformations of partially unfolded client proteins, which

are then loaded onto the Hsp90 complex. While structures of well-studied Hsp90 clients in complex with

the chaperone have revealed late complexes in the Hsp90 cycle, the conformation of client proteins that

trigger their recruitment by Hsp90 co-chaperones is yet to be determined17. The mechanism of client

recognition by Hsp90 and its co-chaperones is critical to understanding the fundamental biology of the

Hsp90 cycle and in developing drugs that target Hsp90 clients. Therefore, further research on this subject

is necessary to fully comprehend the Hsp90 cycle's intricacies and Hsp90 client profile.

1.3 The role of Hsp90 in human disease

The heat shock response and heat shock proteins (HSPs) have been extensively studied in

relation to a wide range of human diseases. Of particular interest is Hsp90, a crucial mediator of protein

folding and activation. Due to the cellular stress incurred in various pathologies, it is unsurprising that

Hsp90 has repeatedly appeared as a central node of many diseases, including pulmonary diseases,

neurodegenerative disorders, and cancer.

https://paperpile.com/c/MHlDAB/ADJgt
https://paperpile.com/c/MHlDAB/3yIOY
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Hsp90 has been found to be expressed at higher levels in a diverse range of cancers, including,

but not limited to, colorectal, prostate, and breast cancer18–20. This increased expression is attributed to its

ability to protect cancer cells from hypoxia and ischemia, which are commonly experienced during

tumorigenesis. Additionally, several common oncogenes are clients of Hsp90, suggesting that Hsp90

activity aids in the survival and growth of malignant cells9. Therefore, Hsp90 emerged as an attractive

therapeutic target for cancer treatment. Early inhibitors of Hsp90, such as geldanamycin and radicicol,

were found to induce the rapid degradation of oncoproteins and cell death in tumor cells, but not normal

cells. This selective inhibition indicated that Hsp90 function was critical for the survival of cancer cells.

Furthermore, Hsp90 is present on the plasma membrane and the extracellular matrix, with higher

expression levels in cancer cells compared to normal cells. Plasma concentrations of Hsp90 are positively

correlated with tumor malignancy, and treatment with Hsp90 inhibitors has been found to inhibit cancer

metastasis. Hsp90 enables tumor cell invasion by activating MMP-2, which digests extracellular matrix

components21. Increased Hsp90 activity leads to increased MMP-2 activity, digesting the extracellular

matrix and allowing cancer cells to invade the bloodstream. Taken together, Hsp90’s function in protein

folding and activation, as well as its presence on the plasma membrane and extracellular matrix, make it

an attractive therapeutic target for cancer treatment.

Hsp90 has recently emerged as a promising therapeutic target for various neurodegenerative

disorders, in addition to cancer. A number of proteins involved in neurodegenerative disorders, such as

tau protein, amyloid-β, and α-synuclein, are clients of Hsp904. In Alzheimer's disease, tau protein

destabilizes microtubules and leads to neurodegeneration when elevated. Work has shown that Hsp90

further activates tau protein, suggesting that Hsp90 activity facilitates microtubule destabilization by tau22.

On the other hand, Hsp90 can reduce the accumulation of amyloid-β in nerve cells, which is also a

hallmark of Alzheimer's disease, by binding to the misfolded protein and preventing further aggregation.

Thus, Hsp90 plays a key regulatory role in Alzheimer's disease, with opposing functions on tau and

amyloid-β.

In Parkinson's disease, Hsp90 also plays a critical role in the regulation of multiple Hsp90 clients

such as α-synuclein, Parkin, PINK1, and LRRK223. It is noteworthy that Hsp90's ATPase activity activates

α-synuclein, and inhibiting Hsp90 has been shown to reduce the cytotoxicity of mutant α-synuclein24.

https://paperpile.com/c/MHlDAB/HJZbG+4CLKw+12ylQ
https://paperpile.com/c/MHlDAB/WMeqG
https://paperpile.com/c/MHlDAB/rF1ns
https://paperpile.com/c/MHlDAB/CRd40
https://paperpile.com/c/MHlDAB/tNT4N
https://paperpile.com/c/MHlDAB/Pr2Cv
https://paperpile.com/c/MHlDAB/A9NaS
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Therefore, Hsp90's role in proteostasis is critical in regulating the activity and toxic accumulation of

various proteins related to neurodegeneration.

Consequently, Hsp90 has emerged as a promising therapeutic target for neurodegenerative

disorders due to its role in the regulation of multiple Hsp90 clients. Its ability to regulate the activity of

various proteins, including tau protein, amyloid-β, and α-synuclein, highlights the importance of Hsp90 in

proteostasis and disease pathology. Further work is needed to fully understand the mechanisms involved

in Hsp90's regulation of neurodegeneration-related proteins in order to develop effective therapeutic

strategies for these disorders.

1.4 Therapeutic targeting of Hsp90

Hsp90 is a key player in the progression of cancer and neurodegenerative disorders, and

consequently, there is considerable interest in therapeutically targeting this protein. The first generation of

Hsp90 inhibitors targeted the N-terminal domain (NTD) of Hsp90 and functioned as competitive inhibitors

with ATP25. Geldanamycin, herbimycin, and radicicol were among the first Hsp90 inhibitors, and

demonstrated promising strong anticancer effects in cell models and in mice4. However, these inhibitors

had limited clinical success due to their unfavorable solubility. To address these issues, synthetic

derivatives such as 17-AAG (tanespimycin) and 17-DMAG were developed25. While these derivatives

functioned similarly to geldanamycin by competitively inhibiting ATP binding at the NTD of Hsp90, they

also activated the heat shock response (HSR), resulting in the expression of HSPs with anti-apoptotic,

drug resistance, and proliferative effects26. This contradictory effect of increasing the available HSPs in

cells dampened the effect of potent Hsp90 inhibitors.

As a result of the HSR activation caused by competitive inhibitors of Hsp90’s NTD, the next

generation of Hsp90 inhibitors were developed to target the C-terminal domain (CTD), the dimerization

domain of Hsp9027. Coumarin-based antibiotics such as novobiocin were designed to disrupt the

dimerization of Hsp90, inhibiting the stability of the Hsp90-client complex and thereby blocking Hsp90’s

ability to activate misfolded client proteins. These CTD-binding Hsp90 inhibitors were promising and did

not activate the HSR to the same degree as the first generation of inhibitors.

https://paperpile.com/c/MHlDAB/T4gtM
https://paperpile.com/c/MHlDAB/CRd40
https://paperpile.com/c/MHlDAB/T4gtM
https://paperpile.com/c/MHlDAB/oCGto
https://paperpile.com/c/MHlDAB/4MhWS
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However, no Hsp90 inhibitors have been clinically approved to date due to the dose-limiting

toxicity of these inhibitors and the concurrent activation of the HSR. Therefore, an alternative strategy for

targeting Hsp90 involves inhibiting specific co-chaperones4,28. Since many client oncoproteins are

kinases, preliminary work has focused on inhibiting the kinase-specific co-chaperone Cdc37, which

facilitates the inactivation and degradation of oncogenic kinases. Other research has explored inhibiting

the cochaperone Aha1, the Hsp90 activator, as an alternative to inhibiting Hsp90 with traditional Hsp90

inhibitors. Additionally, Hsp90 inhibitors have been shown to work well in combination therapies with

antagonists to oncoproteins, thereby increasing sensitivity to and preventing resistance to tyrosine kinase

inhibitors29.

1.5 Studying Hsp90 in the era of high-throughput multiplexed assays

Decades after Ritossa’s seminal discovery of Heat Shock Response (HSR), Hsp90 has emerged

as a key regulator not only of protein folding, but also of a number of prominent human diseases.

Considerable progress has been made to understand Hsp90 in disease models, as well as to

characterize the complex interplay between Hsp90, its vast array of co-chaperones, and diverse client

proteins. While many studies have shed light on the structural and functional aspects of Hsp90, the

complexity of the system, combined with the diversity of client proteins and the unique roles of

co-chaperones, make it a challenging task to fully decipher the underlying mechanisms of Hsp90 function.

Although previous studies have provided valuable insights into the function of Hsp90, they often

lack the comprehensiveness required to fully contextualize other findings. For instance, experiments

characterizing the structures and behaviors of certain client proteins following Hsp90 inhibition have been

instrumental in highlighting key client proteins and diseases that are driven by Hsp90 function, but such

low-throughput studies explore a handful of client interactions amongst the landscape of innumerable

diverse Hsp90 clients and Hsp90 client variants, making it difficult to obtain a holistic understanding of

Hsp90 chaperoning.

Fortunately, with the advent of high-throughput methods, it is now possible to comprehensively

study protein folding and chaperoning, offering a unique opportunity to gain a more complete

https://paperpile.com/c/MHlDAB/7POzJ+CRd40
https://paperpile.com/c/MHlDAB/2L7aP
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understanding of Hsp90 function. For example, high-throughput work has been done to measure the

interaction strength of over 400 kinases in the human kinome with Hsp90 and its adapter cochaperone

Cdc3730. However, while this work supported the hypothesis that destabilized and misfolded proteins

interact more strongly with Hsp90 than stabilized proteins, it failed to identify sequence or structural motifs

that gave rise to Hsp90 chaperoning.

In light of these challenges, deep mutational scanning has emerged as a powerful

high-throughput method for comprehensively characterizing the functional effects of missense mutations

at every position of a protein. This approach has been increasingly utilized as a tool for understanding

protein function and human disease, and offers unique advantages over traditional biochemical or

structural methods. In chapter 2 of this thesis, I review recent advances in deep mutational scanning,

highlighting its capability to study complex protein phenomena that are not readily accessible by other

methods, and its potential to reveal novel insights into protein function.

In chapter 3, I use deep mutational scanning to study the molecular determinants of client

recognition by Hsp90. Specifically, I investigate how variation in a model client oncogene, Src, affects its

processing by Hsp90. By identifying novel variants that dramatically increase Src’s functional dependence

on Hsp90, I present a refined model of Hsp90 client recognition. I propose that Hsp90 and the

kinase-specific cochaperone Cdc37 do not recognize a specific sequence motif, but rather recognize the

global extension of Src and the separation of the two lobes of the kinase domain, to recruit client kinases

to the Hsp90 complex.

Finally, in the last chapter, I discuss how my proposed model can be used to develop the next

generation of inhibitors for oncogenic kinases, and explore opportunities for future work to further refine

our understanding of Hsp90 chaperoning. Drawing on my work studying the complex Hsp90 chaperone

cycle, as well as other examples summarized in chapter 2, I highlight the future potential of deep

mutational scanning for not only studying Hsp90, but other protein phenomena involved in human

disease.

https://paperpile.com/c/MHlDAB/S862i
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Chapter 2: Comprehensive Variant Effect Maps: A Review of Deep Mutational Scanning in

Biochemistry and Genetics

This chapter is adapted from a review in preparation.

Abstract

Multiplexed assays of variant effect, such as deep mutational scanning and saturation genome

editing, have emerged as a robust method for exploring the impact of genetic variation on protein

function. These assays can measure many widely studied protein properties such as stability, ligand

binding, or enzymatic activity, yielding comprehensive variant effect maps encompassing nearly all

possible missense mutations. Data from deep mutational scans have empowered clinical variant

interpretation, protein engineering, and sequence-function modeling in specific proteins. With millions of

variant effects measured across hundreds of proteins, the data enables the characterization of trends

across multiple variant effect maps, facilitating understanding of the molecular underpinnings of protein

stability, binding, and activity. As deep mutational scans continue to develop, they become an increasingly

valuable tool in biochemistry and human genetics. In this review, we summarize different deep mutational

scanning formats, discuss sequence-function insights that have generalized across multiple multiplexed

assays of stability, binding, and activity, and describe current and future applications of variant effect

maps.

2.1 Introduction

Proteins are essential macromolecules that perform critical biological functions in all living

organisms and act as structures, engines, and logic gates in complex biological systems. Individual

protein molecules are profoundly complicated and contain multiple binding sites and functional domains

that work in tandem to contribute to the protein’s overall structure and function. Even slight perturbations

in a protein’s sequence can interfere with its structure and function, which can subsequently interfere with

cellular processes and result in disease. Small changes in protein sequence can also improve a protein’s

stability or binding function to yield improved protein therapeutics. Consequently, characterizing protein
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variant effects is critical to the determination of variant pathogenicity, the identification of critical functional

positions, and the development of engineered proteins.

Amino acid mutations are natural perturbations that can be applied to protein sequences to

characterize the relationship between protein sequence, structure, and function. Mutagenesis studies

often utilize traditional biochemical and structural biology techniques to assess changes in protein folding,

stability, catalytic activity, substrate specificity, and ligand binding affinity resulting from introduced amino

acid mutations. Such mutagenesis studies characterize a small number of mutations at privileged

positions, specifically active sites, protein-protein interfaces, and positions with a notable occurrence of

pathogenic variants. However, it is important to note that while mutagenesis studies predominantly focus

on characterizing a limited number of mutations at privileged positions, the potential impact of mutations

occurring at other positions throughout a protein sequence cannot be overlooked. These non-targeted

positions also possess the capability to induce significant changes in protein structure and function,

warranting further investigation beyond the scope of focused mutagenesis studies. Considering the vast

number of possible variant effects that can arise from even a single protein sequence, attempting to

comprehensively characterize each potential mutation at every position individually is an impractical task.

Alanine scanning, one of the earliest large-scale mutagenesis methods, measures the structural

and functional effects of individually mutating each residue to alanine. Alanine scanning has been used to

determine the contribution of individual residues to the stability or function of a protein31–34. Changes in

stability or function resulting from an alanine mutation provides evidence for the critical involvement of the

mutated residue in protein folding or function. Alanine scanning studies contribute to a more

comprehensive understanding of the underlying mechanisms governing the relationship between protein

sequence, structure, and function. For example, an alanine scan of human growth hormone revealed that

only seven of nineteen side chains at its binding interfaces contributed significant binding energy35.

Although alanine scans are effective in identifying energetically critical residues in the wild-type protein,

alanine scans cannot assess the effects of mutations beyond alanine substitutions. Consequently, in

fields such as evolutionary studies, protein engineering, and disease research, where comprehensive

exploration of variant effects is essential, alternative amino acid mutagenesis techniques are required.

https://paperpile.com/c/MHlDAB/dZQfA+BTjA9+tkVfl+c3ee2
https://paperpile.com/c/MHlDAB/8mf9f
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Saturation mutagenesis is one such large-scale mutagenesis method that characterizes variants

besides alanine. Briefly, saturation mutagenesis involves randomly mutating a subset of residues and

selecting a few gain-of-function variants. Common applications of saturation mutagenesis include

mutagenizing antibody variable loops for affinity maturation36. Unlike alanine scanning, saturation

mutagenesis offers the advantage of identifying gain-of-function variants that cannot be readily detected

through single alanine substitutions. However, it is important to note that while saturation mutagenesis

provides a broader exploration of sequence space, saturation mutagenesis falls short of providing a

comprehensive characterization of amino acid trends associated with stability, binding, and activity

modulation. Therefore, to gain deeper insights into these intricate mechanisms, additional mutagenesis

strategies and complementary approaches are often necessary. Additionally, saturation mutagenesis

studies rely on an assumption of binding or active site positions hypothesized from previous structural

studies of the protein of interest and consequently bias the results of the gain-of-function variants to the

mutagenized region of the protein. However, distal residues commonly have long-range effects on binding

and activity37,38. A more comprehensive approach for mutational studies is required in order to fully

characterize the determinants of protein stability, binding, and activity.

Deep mutational scanning (DMS) is a powerful, high-throughput method for comprehensively

characterizing the sequence-function relationships of proteins of interest. DMS, in contrast to conventional

saturation mutagenesis studies and alanine scans, systematically evaluates the effects induced by all 19

alternative amino acids at every position within the protein. DMS enables the creation of a detailed variant

effect map that is more comprehensive than datasets produced by alanine scanning and saturation

mutagenesis.

Briefly, deep mutational scanning involves creating a library of protein variants, encompassing all

possible missense mutations of the protein of interest39. Each variant is then expressed in a model

expression system, such that each cell expresses only a single variant (Figure 2.1). Variant-expressing

cells are then selectively enriched through survival or fluorescence-based sorting. A functional assay is

performed such that the protein property of interest, such as folding, binding, or enzymatic activity, affects

the growth rate or fluorescence of variant-expressing cells. The degree of variant enrichment or depletion

relative to the wild-type protein sequence is then measured through next-generation sequencing (NGS).

https://paperpile.com/c/MHlDAB/iuOJE
https://paperpile.com/c/MHlDAB/WIEt6+9ylNI
https://paperpile.com/c/MHlDAB/sOP1O
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Variant frequencies quantified by NGS are then converted to variant effect scores for every amino acid

mutation at every position in a protein sequence to create a variant effect map comprising every single

missense variant in the assayed protein.

By measuring all possible single variant effects at all positions, DMS enables the comprehensive

characterization of how amino acid biochemistry affects folding, binding, and activity. DMS methods have

been developed for a wide range of protein properties, including thermostability, binding affinity, and

enzymatic activity, and have provided variant function maps in multiple contexts for studying protein

properties in an unbiased manner40. These variant function maps have proven useful for a variety of

applications, including overcoming energetic barriers in protein engineering, identifying drug-resistant

variants, determining the structure of difficult-to-characterize proteins, and identifying novel functional

mechanisms for well-studied proteins.

Figure 2.1. Overview of deep mutational scanning. A general deep mutational scanning workflow begins

with the generation of a variant library and subsequent expression of that library in a host system. The

library-expressing system is then subject to a selection process from which samples are taken and

quantified using next-generation sequencing. The variant frequencies will be then converted into

functional scores to create a variant effect map in which the x-axis denotes amino acid position and the

y-axis denotes amino acid mutations. Red denotes gain-of-function scores while blue denotes

loss-of-function scores.

Recent advances in computational methods, specifically in machine learning and deep learning

models, hold promise to transform the field of protein biology by facilitating accurate predictions of protein

structure and function41,42. With this success, the next logical step is to predict how mutations affect

protein stability, binding, function, and organismal fitness. To achieve this goal, deep mutational scanning

https://paperpile.com/c/MHlDAB/hR6N4
https://paperpile.com/c/MHlDAB/JOUJq+pvTrB
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(DMS) represents a powerful experimental technique capable of generating large datasets that can be

used to develop and validate predictive models. However, the challenge remains to assess whether these

models effectively capture the underlying principles of protein biophysics from DMS data. Therefore, a

thorough evaluation of the extent to which these predictive models capture the fundamental principles of

protein folding and function available in DMS data is necessary.

DMS methods have been extensively reviewed, and different approaches for conducting deep

mutational scans have been comprehensively summarized in the literature39,40,43–47. These reviews cover

the experimental design considerations for conducting a deep mutational scan, and applications of deep

mutational scanning to clinical variant interpretation. Notably, there is a gap in the current literature

regarding deep mutational scanning reviews and discussions of both the insights that can be gained from

comprehensive DMS datasets as well as the limitations of comprehensive single variant effect maps.

Such a review would provide an opportunity to discuss the utility and various applications of DMS for

different research questions and the refinement of predictive models trained on DMS data. In this review,

we focus on the types of deep mutational scans that measure variant stability, binding, and activity, and

discuss the recent applications and insights garnered from each type. We additionally discuss the

challenges faced by each type of functional scan and offer suggestions for future areas of development.

2.2 Stability scans

2.2.1 Introduction

Protein stability has traditionally referred to a protein's ability to resist unfolding and degradation

when exposed to denaturing conditions such as heat, chemical denaturants, or protease digestion. This

stability is a fundamental characteristic that underlies all other protein functions, and discussions

regarding protein function inevitably include considerations of a protein sequence's inherent stability. For

example, if a mutation alters protein’s binding activity, it is essential to determine whether this effect is the

result of a decrease in substrate affinity or simply misfolding. Mutational studies of all types of protein

stability are indispensable for deciphering sequence-structure and sequence-function relationships.

https://paperpile.com/c/MHlDAB/QCmYY+EeAoW+hR6N4+M48nf+mcYNS+By6ye+sOP1O
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Traditional in vitro approaches to studying protein stability are useful in understanding how

primary sequence affects protein stability. in vitro approaches generally measure the stability of purified

protein through heat, chemical, or proteolytic denaturation and degradation. In vitro methods can be used

to derive different protein variants’ thermodynamic parameters such as melting temperature to directly

compare how changes in sequence affect a given thermodynamic parameter. While such thermodynamic

parameters are useful when making direct comparisons between protein variants, changes in in vitro

stability do not always translate to changes to a protein’s ability to remain folded in a cell.

Protein folding in a biological context can be studied through combining site-directed mutagenesis

with immunoblotting, protease sensitivity assays, or with fluorescent tags and labels. It is important to

note that these techniques do not measure thermodynamic parameters like in in vitro assays of protein

stability. Instead, they measure the steady-state abundance of folded or active protein in cells. This

steady-state protein abundance is influenced by several factors, including the protein quality control

system, transcription factors, and the thermodynamic stability of the protein. Therefore, assays of

"intracellular stability" measure the cumulative result of these interactions and are not equivalent to

stability measures in in vitro assays. While it is more challenging to interpret the factors underlying

intracellular protein stability than denaturing with in vitro assays, it is advantageous when examining the

protein's role in biology and disease. Changes in steady-state protein variant abundance do not always

translate to changes in thermodynamic, chemical, or proteolytic stability. Thus, assays of “intracellular

stability” may more readily characterize changes in stability that give rise to pathogenicity. The respective

advantages and limitations between in vitro and cell-based stability assays apply to both small-scale

mutagenesis studies and deep mutational scanning assays.

Multiplexed stability assays can be performed in vitro or in cells for direct or indirect

measurements of stability, respectively. Multiplexed measurements of stability generally use a protein

display system where a protein library displayed on the surface of yeast can be challenged with heating or

proteolysis to measure the relative stability of library variants48. Alternatively, indirect multiplexed

measurements of stability rely on linking the library variants to a fluorescence or essential reporter protein

that allows for selection39. Similar to lower-throughput cell-based assays of protein stability, multiplexed

assays of protein stability in cells assume that destabilized library variants will be preferentially depleted

https://paperpile.com/c/MHlDAB/w4U3L
https://paperpile.com/c/MHlDAB/sOP1O
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by the cell's protein quality control machinery, thereby decreasing the expression levels of the fused

reporter protein49–54. Overall, the use of mutational scans to identify stabilizing and destabilizing mutations

in proteins prove valuable for improving our understanding of basic protein function and protein

engineering. However, it is important to note that different approaches to DMS for stability assessments

are more suitable for specific applications, and careful consideration should be given when selecting the

most appropriate method for conducting a mutational scan of protein stability.

2.2.2 in vitro stability

In vitro DMS methods measure protein stability following thermal and chemical denaturation as

well as proteolysis55,5657–59. To determine relative thermal and protease stability, a yeast display system

can be used to display a variant library and challenged with protease or heat and sorted by flow cytometry

and quantified using NGS for enrichment of folded protein (Figure 2.2A).

Figure 2.2 Overview of generic in vitro and cell-based DMS methods (A) in vitro scans display a protein

variant library on the surface of yeast, phage, bacterial, or mammalian cells. The displayed library can be

challenged with denaturants. The remaining displayed protein can then be detected with fluorescence

https://paperpile.com/c/MHlDAB/RZPNS+xSMNP+8SePr+o9WMF+pQiu2+czNdx
https://paperpile.com/c/MHlDAB/kS14p+Ys7qf
https://paperpile.com/c/MHlDAB/XUGxS+ejtfR+7HNWO
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activated cell sorting and quantified by deep sequencing. (B) Cell-based assays of stability can include

fused fluorescent reporters that enable similar fluorescence activated cell sorting and deep sequencing.

Split fluorescent reporters can be used to measure binding events in cells.

Trends revealed by in vitro scans of stability recapitulate canonical knowledge: core positions of

globular proteins are typically more intolerant of mutation than surface positions, and disulfides destabilize

folding, while prolines and glycines disrupt folding53,60,61. A typical example of this is a study measuring the

thermal stability of the CH3 domain of an IgG1 antibody using DMS. The stability DMS of the CH3 domain

revealed low mutational tolerance at the CH3-CH3 interface involved in IgG homodimer formation and in

positions oriented toward the hydrophobic core of the protein involved in disulfide bonds55. In contrast,

solvent-exposed residues were found to be more tolerant of mutation. These results validate the critical

role of hydrophobic packing in the protein core and at inter-domain interfaces and are a prototypical

example of how DMSs recapitulate known rules of protein folding. However, it should be acknowledged

that these are general observations across DMS datasets and not all scanned mutations in the

hydrophobic core lead to destabilization, and the introduction of proline does not always disrupt folding.

Interestingly, the identification of amino acid trends within comprehensive variant effects maps of protein

stability has proven to be a challenging task. Specifically, when examining mutationally intolerant

positions situated in the hydrophobic core, no consistent trends emerge regarding the disruption caused

by larger amino acid substitutions compared to smaller ones. This lack of clear patterns extends to

substitutions involving buried polar and charged amino acids as well. These findings suggest that while

DMS studies largely adhere to the established rules of protein folding, they also reveal intriguing

exceptions to these rules.

When considering such exceptions, it is important to acknowledge a fundamental limitation of all

DMS approaches. While DMSs effectively characterize the effects of variants on protein stability, they do

not uncover the underlying mechanisms that drive these effects. Nevertheless, it is worth noting that

powerful computational predictors for protein structure were developed despite an incomplete

understanding of the mechanistic aspects of protein folding. Similarly powerful variant effect predictors

could also be developed using DMS data without the need for a complete mechanistic understanding of

how variants affect protein folding.

https://paperpile.com/c/MHlDAB/aVmLQ+NeUj+pQiu2
https://paperpile.com/c/MHlDAB/kS14p
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A noteworthy caveat of in vitro stability mutational scans is that a residue’s mutational tolerance

may differ between different stability scans, as shown in a scan of lipase protein A from Bacillus subtilis

(BsLipA). The DMS of BsLipA measured thermostability and detergent tolerance of a library of variants

and revealed varied mutational tolerance between the different detergent DMSs and thermostability

scans57. Chemical differences among the detergents likely account for these differences, which should be

considered when conducting in vitro stability scans. This suggests that generalizing the results of a

thermostability scan to detergent tolerance should be done with caution. This particular scan necessitated

the testing of different detergents because engineered enzymes are commonly formulated with

detergents, and thus a variant’s specific tolerance of different detergents is a critical parameter to

optimize. However, if the stability DMS is only intended to comprehensively characterize variant effects on

protein folding, there is no need for multiple scans under different conditions as in the study of BsLipA.

One interesting method for in vitro stability deep mutational scanning identifies dynamic regions

compatible with circular permutation. Circular permutation is a challenging and cumbersome process,

particularly for large, multi-domain proteins that is typically used to engineer improved protein variants

and study the properties of the original protein. The deep mutational scanning method for circular

permutation profiling, CPP-seq, can identify positions that are tolerant of permutation, allowing for protein

engineering not typically available, and the identification of flexible and tolerant positions in a protein

structure62,63. Circular permutation is more difficult to computationally model than predicting changes in

folding energy following mutation in globular proteins, and consequently there is a gap in knowledge of

rational design of circularly permuted proteins. Additionally, circular permutation can be used to study

domain positioning and connectivity on protein stability and characterize domain-domain interactions and

interdomain cooperativity. However, the results of CPP-seq are not as interpretable as those from a

thermostability or detergent tolerance scan. Thus, CPP-seq should be primarily considered when either

trying to engineer circularly permuted variants from the data or when domain positioning is likely to have a

large influence on overall protein stability.

Compared to scans that measure protein folding in the context of the cell, in vitro DMSs for

stability are more interpretable, making them particularly useful for engineering studies aimed at

improving the overall stability of a protein for research tools or therapeutic applications, for comparison to

https://paperpile.com/c/MHlDAB/XUGxS
https://paperpile.com/c/MHlDAB/4SnpQ+qBzIe
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physics-based computational predictors of variant effect, and for the training of variant effect

predictors37,38,41.

2.2.3 Cell based assays of stability

Deep mutational scanning can also be used for characterizing protein stability in cells, enabling

researchers to measure the effects of amino acid substitutions on protein function and folding. Protein

stability in cells can be measured by fusing the protein library to a fluorescent or transcriptional reporter

protein, which allows fluorescence levels to be quantified and binned using fluorescence-activated cell

sorting (FACS) (Figure 2.2B) 49,52–54,64. Alternatively, a transcriptional reporter can be placed upstream of a

fluorescent protein or an essential protein that affects the growth rate of the transformed cell49–51.

DMSs of variant stability in cells typically reveal that determinants of stability are largely

influenced by the cellular compartment in which the protein is expressed54,65,66. For instance, the

mutational scan of the cytoplasmic protein PTEN revealed that positions in the core were found to

decrease variant abundance and were the most intolerant to mutation52. The mutational scan of PTEN

also showed that bulky side chain mutations in the core generally decreased PTEN variant abundance in

the cytosol more than comparatively small side chain mutations. In contrast, the mutational scan of

endoplasmic reticulum (ER) localized cytochrome p450 showed that the transmembrane positions had

the largest effects on variant abundance and were intolerant of charged and polar mutations53. Together,

mutational scans of intracellular stability measure a combination of intra-protein folding interactions and

protein-environment interactions, providing exceptional utility for proteins that lack structural data, such as

membrane proteins and intrinsically disordered domains54,67. In fact, multiple groups have used deep

mutational scanning data to infer the protein structures of the GB1 domain of protein G, the WW domain

of the human Yap1, the second RRM domain of Pab1, the Fos-Jun heterodimer, and a twister ribozyme

68,69. Impressively, the computed structures of GB1 and the WW domain were within 2.1 Å of the crystal

structure. In order to compute the structures, however, the authors required DMS datasets to include

large numbers of double mutants in order to create epistatic models from which they inferred protein

https://paperpile.com/c/MHlDAB/JOUJq+WIEt6+9ylNI
https://paperpile.com/c/MHlDAB/o9WMF+pQiu2+czNdx+RZPNS+4AEtQ
https://paperpile.com/c/MHlDAB/8SePr+RZPNS+xSMNP
https://paperpile.com/c/MHlDAB/7jExs+czNdx+G1JAa
https://paperpile.com/c/MHlDAB/o9WMF
https://paperpile.com/c/MHlDAB/pQiu2
https://paperpile.com/c/MHlDAB/czNdx+7GRoh
https://paperpile.com/c/MHlDAB/6r5Bn+ocHD


26

structure. Thus, while impressive, inferring full protein structures from DMS datasets is largely limited to

smaller protein domains where large numbers of single and double mutants can be sequenced.

In addition to the cellular compartment’s effect on protein folding, the proteostasis landscape can

also affect protein cellular abundance and stability. A cell's proteostasis landscape is shaped by the

chaperones that are expressed, which can be altered by the stress induced by drug treatments or by

overexpression of the misfolded variants. For example, mutational scans of hemagglutinin in different

proteostasis landscapes have highlighted regions of mutational tolerance and potential evolutionary

pathways of the virus70,71. This type of mutational scan can also be applied to oncogenic proteins to

identify regions that are likely to mutate in more permissive proteostasis environments. Altered

proteostasis can also allow the formation of toxic aggregates that are hallmarks of protein misfolding

diseases like Alzheimer's, Parkinson's, and cystic fibrosis. Deep mutational scanning has been used to

measure the aggregation of proteins underlying multiple misfolding diseases and can be used to identify

pathways of misfolding and classify potentially pathogenic variants49,50,52,72. However, it is important to

consider that the overexpression of protein variants, a common practice in DMS assays, may introduce

potential alterations in the interaction between the variants and the cell's proteostasis machinery.

Consequently, this can result in differences in the observed variant abundance compared to their

abundance in physiological conditions. While the choice of expression system can introduce slight

variations in the genetic background and proteostasis machinery, the overall trends highlighting the

structural significance of a protein's hydrophobic core remain consistent across scans conducted in

different proteostasis landscapes. Thus, conducting multiple scans in different proteostasis states is best

suited for characterizing a protein’s interaction with a cell’s proteostasis machinery.

Notably, a prevailing theme of stability deep mutational scans is the importance of a protein's

hydrophobic core to its overall stability53,55. In cell-based DMSs for variant stability, the mutational

tolerance of the surface is dictated by the cellular environment in which the protein is natively expressed.

Namely, cytosolic proteins are stabilized by hydrophobic packing and mutations within the hydrophobic

core are often deleterious. Conversely, membrane-bound proteins have long hydrophobic amino stretches

on the surface in contact with the membrane, with charged surface mutations typically being highly

deleterious to their expression73–75. In other words, deep mutational scans of stability closely align with

https://paperpile.com/c/MHlDAB/HCIMS+A7u9f
https://paperpile.com/c/MHlDAB/o9WMF+xSMNP+RZPNS+O41IA
https://paperpile.com/c/MHlDAB/pQiu2+kS14p
https://paperpile.com/c/MHlDAB/FVimX+sgwpk+ppU2k
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known mechanisms of protein folding, and researchers have used them to indirectly characterize the

structure of proteins with limited structural data68.

Typical mutational scans identify many mutations that are deleterious to protein folding and

stability. Across all stability scans, regardless of expression system, stabilizing variants often accounted

for less than 5% of the observed mutations60. The lack of observed stabilizing mutations could result from

limited dynamic range of the assay, but more likely signal that it is easier to disrupt folding through single

mutations than to stabilize a protein through a single mutation. Indeed, there are so few stabilizing

mutations identified in DMSs that trends rarely emerged to add to our collective understanding of protein

stability and folding. The lack of stabilizing mutations is likely due to the reliance on the cell’s proteostasis

machinery to measure stability. Namely, the cell’s proteostasis machinery targets misfolded or aggregated

proteins for degradation, which in turn affects the measured cellular abundance. However, it is important

to note that the proteostasis machinery does not necessarily degrade stabilized variants to a lesser extent

than an already stable wild-type protein, potentially limiting measured changes in cellular abundance.

Thus, cell-based DMSs of stability are less suited for identifying stabilizing mutations and are better suited

for interrogating how sequence variation affects cellular abundance or alters interactions with proteostasis

machinery.

2.2.4 Comparisons to evolutionary conservation and other predictive methods

Conservation analyses are a widely used computational method to evaluate the mutational

tolerance of individual amino acids in a protein sequence, as well as their implied structural and functional

importance. Mutational scans of stability have shown a high degree of agreement with conservation

analyses, although they differ in that mutational scans comprehensively sample the missense sequence

space, while evolution only samples a limited number of sequence trajectories. For example,

reengineering TEM-1 beta lactamase using deep mutational scanning data revealed that relying solely on

conservation analysis for choosing mutations would have been insufficient to improve solubility76.

Klesmith et al. employed a position-specific scoring matrix (PSSM) to identify neutral mutations, mutations

that had little effect on stability, in TEM-1 and LGK (levoglucosan kinase). Notably, 31% of the

https://paperpile.com/c/MHlDAB/6r5Bn
https://paperpile.com/c/MHlDAB/aVmLQ
https://paperpile.com/c/MHlDAB/ZT67p
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PSSM-defined neutral mutations in TEM-1 and 43% of the PSSM-defined neutral mutations in LGK were

found to be deleterious in their DMS experiments. This observation highlights the moderate likelihood of

evolutionary sampling including deleterious mutations in these proteins and potentially others. Thus,

stability DMS provides valuable insights beyond evolutionary conservation scores, despite the strong

correlation between the two approaches. However, it is noteworthy that 69% of PSSM-defined neutral

TEM-1 mutations were assessed as neutral by DMS, compared to only 32% of all TEM-1 mutations being

characterized as neutral. Similarly, 57% of PSSM-defined neutral LGK mutations were deemed neutral by

DMS, while only 28% of all LGK mutations showed neutral effects. Consequently, DMS studies can

effectively limit scans to conserved positions, reducing sequencing requirements and eliminating

deleterious evolutionary pathways, while still maintaining a reasonable probability of identifying stabilizing

mutations in the scan.

Predictors that incorporate evolutionary data and physics modeling, such as FoldX and Rosetta,

are commonly used to forecast the impact of mutations on protein stability. The correlation between these

predictors and deep mutational scans of stability is modest, typically ranging from a Pearson correlation of

0.3-0.659. A comparison of experimental deep mutational scanning measurements of GB1 stability in

guanidinium chloride found that Rosetta had the highest Pearson correlation, while other methods

performed equally well when using Spearman rank correlation59. Rosetta has far more terms in its energy

function compared to FoldX, which likely contributes to Rosetta’s superior Pearson correlation with deep

mutational scanning data. The similarities between FoldX and Rosetta Spearman correlation suggest that

the tools are comparable for predicting variant effects on stability, with FoldX requiring fewer

computational resources compared to Rosetta. Intriguingly, this study noted that the computational

predictors demonstrated better performance on the protein surface than in the core and were more

successful in predicting changes in stability from large-to-small mutations than small-to-large mutations.

While these comparisons are not widely performed with other mutational scans, the moderate correlation

and poor performance in core positions highlight the fundamental importance of deep mutational scanning

in discerning variant effects on stability that may not be evident through the current understanding of

protein folding or molecular modeling.

https://paperpile.com/c/MHlDAB/7HNWO
https://paperpile.com/c/MHlDAB/7HNWO
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Since the advent of deep mutational scanning, researchers have published over 50

peer-reviewed papers describing stability deep mutational scans that have measured the stability of more

than 600,000 variants (Supplementary Table 2.1). Although in vitro scans are possible through display

methods, most stability deep mutational scans measure protein variant stability within cells using

fluorescent or transcriptional reporters. Notably, a common finding amongst stability DMSs is the

importance of a protein's hydrophobic core to its overall stability53,77. In cell-based stability deep

mutational scans, the mutational tolerance of the surface is dictated by the cellular environment in which

the protein is expressed54,65,66. Moreover, sequence-stability variant effect maps have proven useful in

identifying pathogenic variants, where the underlying mechanism of pathogenicity is decreased levels of

folded protein52–54. As a result, stability deep mutational scans have both biochemical and clinical utility

and are essential components of multi-parameter deep mutational scans, as we will discuss later.

2.3 Binding scans

2.3.1 Introduction

Proteins function within large signaling networks and rarely function in isolation. Proteins must

bind to other relevant species to initiate or propagate signals that drive cellular function. When a mutation

incurs a loss of protein binding, cellular function is also disrupted. Therefore, protein binding, in addition to

protein folding and stability, is also a prominent area of study. The identification of residues that affect

binding is also critical to efforts to reengineer proteins to improve their affinity or alter their selectivity.

Interrogating binding events between proteins and different cognate ligands can help to inform the rational

design of therapeutic proteins, functional biosensors, as well as provide the basis for understanding

mechanisms of disease.

Various biochemical methods can be used to study protein binding, including measurements of

binding affinity in vitro or the characterization of binding events in cells using methods like fluorescence

resonance energy transfer (FRET). In vitro methods for characterizing protein binding can determine

equilibration constants that are relatively easy to interpret. The simplicity, precision, and interpretability of

https://paperpile.com/c/MHlDAB/53oJk+pQiu2
https://paperpile.com/c/MHlDAB/czNdx+7jExs+G1JAa
https://paperpile.com/c/MHlDAB/czNdx+o9WMF+pQiu2
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in vitro measurements of binding affinity are helpful in engineering the specificity or affinity of native or de

novo proteins. In addition to in vitro methods, protein binding can be characterized in cellular contexts, to

study changes to binding affect cellular processes. Cell-based measurements of binding events are

especially useful in measuring how sequence variation affects nucleic acid binding domains.

Deep mutational scans of binding (Supplementary Table 2.2) are used to measure protein

variants’ relative binding affinity to small molecules, other proteins, and nucleic acids78–80. It is important to

note that functional scores determined from binding DMS are not absolute binding affinities, and they only

report on binding affinity relative to a reference sequence, such as the wild-type sequence. A major

advantage of binding deep mutational scans over traditional methods of studying protein binding is that

DMSs can identify residues that influence binding up to 15 angstroms away from the binding

interface77,81,82. These residues are not identifiable by structural methods and expand the range of

positions that can be modified in protein engineering studies. However, in deep mutational scans of

binding that do not include expression or display controls, it becomes unclear whether changes in binding

occurred through decreased expression and folding, or through a loss of affinity. This limitation can be

easily overcome by including co-translated fluorescent proteins or display tags that can be simultaneously

detected with fluorescent antibodies to normalize measured binding to protein variant expression.

Common multiplexed methods for measuring protein binding include complementation methods

and display methods. Complementation methods detect protein binding events in a cellular context

through the activation of a downstream reporter protein that is only expressed when two proteins tagged

with complementary fragments bind. Briefly, a protein library is tagged with a fragmented transcription

factor and the protein library’s substrate of interest is tagged with the transcription factor’s complement

fragment. Successful complementation between the library variant and binding protein results in a

complete transcription factor that induces the expression of a downstream reporter protein. Downstream

reporter proteins can be fluorescent proteins that can be detected using fluorescence-activated cell

sorting (FACS), or essential proteins, such that growth becomes a proxy for the complementation

efficiency. Enrichment of fluorescence or growth phenotypes can thus be quantified through

next-generation sequencing and converted to binding scores that report binding relative to the wild-type

sequence. Alternatively, display methods are in vitro methods that can be used to measure binding

https://paperpile.com/c/MHlDAB/HFmZt+e6ZG2+R4FSe
https://paperpile.com/c/MHlDAB/Nfgzv+53oJk+1DvSL
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affinity. The protein library of interest is displayed on the cell surface using a cell membrane tag as an

anchor56,83. The displayed library is probed with a fluorescently labeled antibody and sorted using FACS,

and similarly scored as in complementation methods.

In this section, we focus on studies in which the primary interrogated property is binding. DMS

binding studies have been used to identify binding interfaces, reengineer protein-protein interfaces to

improve affinity, determine key positions of drug resistance, as well as identify specificity-conferring

positions. We discuss trends that have emerged in each of these studies as well as challenges and

considerations for binding mutational studies.

2.3.2 in vitro binding

Most studies examining protein binding through deep mutational scans use in vitro methods,

which are typically display-based assays. Similar to in vitro approaches for assessing protein stability, the

variant library of displayed proteins is screened using fluorescent substrates and sorted based on

fluorescence signals using FACS (Figure 2.3A). The sorted library is subsequently quantified using NGS

to determine binding scores. In vitro binding scans provide an unbiased experimental approach to identify

binding determinants, independent of confounding cellular factors such as chaperones, thereby focusing

solely on the inherent binding characteristics of the sequence with its cognate protein.

With variant effect maps of in vitro binding, analysis of primarily deleterious binding variants

reveals that binding determinants largely conform to known mechanisms of protein binding, with

disruptions of hydrophobic interactions at the binding interface decreasing binding. However, when

gain-of-function binding variants are considered, it becomes clear that the determinants of binding are

influenced by the structure of the protein being examined. For example, the mutational scanning of

antibodies has demonstrated that peripheral positions are more tolerant to substitution and can be

engineered for affinity maturation83,84. A mutational scan of the complementary determining regions

(CDRs) of an antibody Fab fragment against tumor necrosis factor-alpha receptor (TNFaR) combined

seven affinity-increasing mutations to increase the affinity over 2000 fold to a Kd of 3.45 pM. Conversely,

mutational scans of de novo protein binding reveal that the positions at the designed interface are

https://paperpile.com/c/MHlDAB/g7lfm+Ys7qf
https://paperpile.com/c/MHlDAB/UWIbF+g7lfm
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intolerant to substitution, validating the designed interface37,38,85. Beyond the designed interface, most

substitutions are neutral or deleterious. A scan of de novo H1N1 hemagglutinin inhibitor revealed

higher-affinity substitutions located at the periphery of the binding interface that increased electrostatic

interactions85. The authors combined five of the gain-of-function mutations revealed in the scan, resulting

in a only 25-fold improvement in binding affinity (from 15.2 nM Kd to 0.6 nM Kd). For both the scan of

TNFaR antibody and H1N1 inhibitor, the combinatorial variants achieved higher affinity than the sum of

affinity improvements of the individual mutations. However, combining gain-of-function variants does not

always result in additive changes to affinity. The process of identifying additive or superior combinations

of gain-of-function variants remains poorly understood. Across multiple affinity scans, the presence of

pairwise and higher-order epistatic interactions, where the combined effect of multiple binding residues

exceeds the sum of their individual effects, has been consistently observed at binding interfaces86–88.

It is important to note that the binding interfaces of de novo designed proteins are typically

composed of rigid, noncontiguous helices and are therefore smaller and less flexible compared to

proteins that mediate binding through unstructured loops, such as antibodies. When designing mutational

scans for affinity maturation, the nature of the binding interface should be carefully considered. A small,

rigid binding interface has limited potential for affinity maturation compared to an extensive, flexible

binding interface like that of an antibody. The effectiveness of DMS for affinity maturation has been

modest, primarily because the most successful applications of DMS in this context have necessitated the

combination of gain-of-function variants. Since further optimization through low-throughput methods is

often required, employing large random libraries containing combinatorial variants near the periphery of

the binding interface is more likely to yield high-affinity hits compared to deep mutational scans focusing

on single variants.

The field of binding mutational scans has been dominated by in vitro scans due to their simplicity.

Display methods offer finer control over the substrates used to probe binding interactions, resulting in

more readily interpretable results. However, in vitro scans are not well-suited for studying nucleic acid

binding events, such as transcription factor binding, primarily due to the absence of cellular cofactors that

influence transcription factor binding interactions. Additionally, the requirement for substantial quantities of

labeled target nucleic acid for the library scan poses a limitation in this context. Despite these limitations,

https://paperpile.com/c/MHlDAB/NiGAF+WIEt6+9ylNI
https://paperpile.com/c/MHlDAB/NiGAF
https://paperpile.com/c/MHlDAB/PLcwV+poUG5+KLdT3
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in vitro methods are uniquely suited to study variant effects on binding and to generate variant-binding

maps to guide affinity and specificity engineering.

2.3.3 Cell based methods for measuring protein binding

Cell-based methods offer an alternative approach for investigating protein binding through deep

mutational scanning. By analyzing protein interactions within a cellular environment, these techniques

provide valuable insights into the intricate nature of protein binding. In a physiological context, cell-based

methods facilitate the examination of protein binding with respect to other factors such as cellular

compartments and post-translational modifications. Typically conducted in yeast or bacteria, cell-based

methods include complementation or two-hybrid assays. These methods select for variants of interest via

growth assays. Due to the use of growth as a readout, the relationship between binding and growth in

cell-based methods can be nonlinear and indirect, and therefore more challenging to interpret compared

to in vitro methods. Primarily, these techniques are used to study protein-nucleic acid binding of enzymes

and regulatory sequences, which is more challenging to study using in vitro display methods.

Multiple deep mutational scans of DNA-binding proteins have yielded a model for specificity

engineering that involves the synergistic combination of permissive mutations and specificity determining

residues89,90. Permissive mutations are those that allow new residues to make contact with the

substrate-of-interest. For example, deep mutational scans of the DNA-binding proteins parS and NBS,

Jalal et al. found that a permissive lysine mutation adjacent to the binding interface conferred

DNA-binding capability90. When they combined their DMS data with x-ray crystallography, they found that

the lysine mutations permitted specificity-determining residues to make DNA-contacts. This model of

combining permissive mutations to allow specificity engineering has been previously observed in

evolutionary and directed evolution studies91–94. Permissive mutations are typically identified through

ancestral protein reconstruction, a method that involves inferring the amino acid sequences of ancestral

proteins from which DNA-binding proteins like parS and NBS have evolved93. The integration of

evolutionary information is crucial for identifying permissive mutations in deep mutational scanning

studies. Therefore, while DMSs are not inherently superior to evolutionary modeling for reengineering

https://paperpile.com/c/MHlDAB/JEqsd+weTZQ
https://paperpile.com/c/MHlDAB/weTZQ
https://paperpile.com/c/MHlDAB/FklFM+NpHQz+bdQAg+mGwHX
https://paperpile.com/c/MHlDAB/bdQAg
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protein DNA-binding specificity, the comprehensive variant-binding map obtained through DMS provides

valuable insights into the molecular basis of altering protein-DNA specificity. Consequently, DMSs are

better suited for elucidating the molecular mechanisms that underlie specificity changes. However, in

scenarios where limited evolutionary information is available for binding a particular ligand, DMS proves

more advantageous than evolutionary modeling for identifying permissive and specificity-determining

residues.

Cell based methods are not limited to assaying nucleic acid binding, however. Cell-based

methods can be used to map binding interfaces, engineer affinity, and engineer specificity in the context

of post-translational modifications and cellular compartment factors that are not present in in vitro scans.

Like in vitro scans of binding, these studies have revealed that specificity is primarily dictated by a small

set of residues89,95. Notably, improvements in specificity have often been achieved through the

combination of multiple mutations that abolish binding to one substrate but not another. For example, a

complementation assay measuring the binding of the PDZ domain to the wild-type ligand and a

non-native peptide ligand identified a subset of mutations that have opposite effects on binding the two

ligands. Mutations that were deleterious or neutral to the wild-type ligand improved binding to the

non-native ligand. These mutations were located primarily at the periphery of the binding interface, with

one position directly contacting one of the ligands. By combining two of the mutations in the subset, the

authors altered the specificity of PDZ domain for a 45-fold preference for the non-native ligand,

demonstrating the utility of mutational scans in improving specificity of binding interfaces96. These studies

demonstrate how comparative variant function maps can be used for switching specificity for different

ligands or improving specificity.

2.3.4 Comparisons to computational predictors

While computational predictors, such as FoldX and Rosetta, offer noteworthy predictive power,

deep mutational scanning can reveal trends that are not immediately apparent from such models. For

example, there is modest agreement between FoldX and Rosetta predictions and the binding affinities

measured from a yeast display deep mutational scan of a cohesin protein. The correlation between

https://paperpile.com/c/MHlDAB/xgs5b+JEqsd
https://paperpile.com/c/MHlDAB/oHVAs
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measured and predicted binding affinity is likely somewhat limited due to affinity-modulating positions

distal to the binding interface. These distal positions, which can be readily identified through deep

mutational scans, often do not significantly contribute to the predicted binding energy in computational

predictors such as FoldX and Rosetta. This discrepancy arises because considering the distal positions in

the computational models would require additional computational resources and increased

complexity7797,98. Thus, deep mutational scanning is more useful than computational predictors for

identifying positions that can be further engineered to improve affinity and specificity. Indeed, a

comparison of mutational scan data to Rosetta energy predictions showed that Rosetta correctly identified

mutationally tolerant positions in a therapeutic cyclic peptide98. However, it did not accurately predict

affinity-enhancing mutations, likely due to its computation of binding energy being restricted to directly

interacting residues. The difficulty of computational predictors in predicting affinity-enhancing mutations

underscores the value of deep mutational scanning in engineering native and de novo proteins for the

development of new biochemical tools and therapeutics. Taken together, the comprehensive nature of

binding DMSs increases the probability of identifying sequence variants with improved affinity or desired

specificity compared to computational predictors like FoldX and Rosetta.

To date, deep mutational scans have been conducted in nearly 100 peer-reviewed studies,

measuring over 2 million variant effects on binding (Supplementary Table 2.2). In each study, most

variants have been found to have a deleterious effect on binding, and only a small percentage of scanned

variants, less than 5%, are measured as gain-of-function compared to the wild-type sequence.

Furthermore, gain-of-function variants were typically found adjacent to critical binding residues, rather

than deep in the binding pocket. Although combinations of single gain-of-function variants have been

used to improve binding affinity, the potential affinity maturation is constrained for rigid binding interfaces

common to de novo protein binders.

The development of a variant-binding map through the utilization of deep mutational scan holds

immense importance for affinity maturation due to its unbiased approach. Unlike directed evolution, deep

mutational scanning allows for a comprehensive exploration of all possible missense mutagenesis

trajectories. While the increase in binding affinity resulting from a single missense mutation is usually

moderate, the combination of multiple affinity-enhancing mutations identified through deep mutational

https://paperpile.com/c/MHlDAB/53oJk
https://paperpile.com/c/MHlDAB/zqeuP+WmSFq
https://paperpile.com/c/MHlDAB/WmSFq
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scanning can lead to an improvement in affinity of over 2000-fold83,84. Through the use of deep mutational

scanning, researchers have been able to identify mutations that enhance affinity in native proteins,

therapeutic antibodies, and de novo proteins, providing a means to reengineer higher affinity

variants83,8486–88.

Additionally, the use of deep mutational scans has proven to be a valuable tool in the study of

specificity. This approach involves conducting multiple scans of a protein variant library with different

substrates to identify specificity determining mutations. These mutations are characterized by their ability

to confer strong binding to one substrate while depleting binding to another. Deep mutational scanning

has been successfully applied in investigations of the specificity determinants of protein-protein,

protein-DNA, and protein-small molecule binding77,81,82,89,90,95,99–101. Taken together, deep mutational scans

of binding open up exciting new possibilities for targeted protein engineering and drug development.

2.4 Activity scans

2.4.1 Introduction

Mutational studies of protein activity have been used for a range of applications, including clinical

variant interpretation, protein engineering for therapeutics and biochemical tools, as well as evolutionary

biology. In this section, we define protein activity broadly to include various functional protein classes,

such as transcription factors, proteases, DNA polymerases, and cell surface receptors.

While hydrophobic packing can explain protein folding and substrate binding, protein activity is

often the result of multiple functional domains working together to propagate signals to perform their

encoded functions. Deep mutational scanning is uniquely compatible with studies of protein activity, as it

can assay a broad range of protein functions for thousands of variants in a single experiment.

Additionally, deep mutational scans can also be used to calculate enzyme rate constants for thousands of

variants in a single experiment102,103. Researchers have used these sequence-function maps to identify

potential drug resistance mutations, activity-modulating residues, and motifs that can be used to engineer

gain-of-function variants37,104,105.

https://paperpile.com/c/MHlDAB/UWIbF+g7lfm
https://paperpile.com/c/MHlDAB/UWIbF+g7lfm
https://paperpile.com/c/MHlDAB/PLcwV+poUG5+KLdT3
https://paperpile.com/c/MHlDAB/xgs5b+JEqsd+weTZQ+l6gxq+53oJk+1DvSL+Nfgzv+Y9DqL+Pnjpu
https://paperpile.com/c/MHlDAB/fNLGs+H0OPO
https://paperpile.com/c/MHlDAB/QC6X2+auyJ+WIEt6
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Mutational scans of activity typically use growth rates or fluorescence levels for selection, with

growth assays being particularly common104,106107,108. However, the relationship between protein function

and cell fitness is not always linear. Additionally, yeast and bacterial expression systems may not express

the same array of chaperones and activators as mammalian cells, which can alter the measured fitness of

protein variants in a mutational scan109–112. Fluorescence-based methods have been used to evaluate the

functional properties of various proteins, including voltage-based fluorescent dyes and fluorescent protein

tags, which have been employed together with fluorescence activated cell sorting to measure the ion

conductance of a library of ion channel variants65,67113,114. However, the use of a dye may have a limited

dynamic range, which can limit the fidelity of functional scores of the assay. Microfluidic assays offer more

precise control over the time scales of reactions to measure changes in activity, but require a fluorescent

substrate for the enzyme of interest89,115.

Unlike stability and binding, protein activity differs amongst classes of molecules, and

generalizations cannot be made across functionally distinct proteins. However, characterizing the

mutational tolerance of variants with respect to activity can provide valuable insights into the mechanisms

underlying protein function and regulation. This section, while not comprehensive, highlights the

applications of deep mutational scanning to engineering gain-of-function variants, identifying extended

activity networks, and explores structural trends that have appeared across mutational scans of activity.

2.4.2 in vitro activity

The measurement of protein activity using in vitro deep mutational scans is more challenging

compared to stability and binding assays, which have readily available display methods. To address this

issue, droplet-based assays have been combined with deep mutational scanning to measure the effects

of variants on protein activity113,115. In this method, a library of cells expressing the protein of interest is

suspended in oil droplets containing fluorogenic substrate and lysis reagents. Upon lysis, the protein

variant is released and free to bind the substrate, and the resultant fluorescent product is used to sort and

quantify the encapsulating droplets by FACS and NGS, respectively. This approach allows the control of

reaction timescales and measurement of enzyme rate constants. Additionally, the method allows the

https://paperpile.com/c/MHlDAB/dx0ZG+QC6X2
https://paperpile.com/c/MHlDAB/q6Z9d+vrdUl
https://paperpile.com/c/MHlDAB/0CgRy+A8Gjh+ZH8PT+pPCHt
https://paperpile.com/c/MHlDAB/7jExs+7GRoh
https://paperpile.com/c/MHlDAB/psNLW+S69LR
https://paperpile.com/c/MHlDAB/AGxjs+JEqsd
https://paperpile.com/c/MHlDAB/psNLW+AGxjs
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measurement of activity under conditions not accessible by other expression systems, such as elevated

temperature.

Despite the method's advantages, droplet-based deep mutational scanning is technically

challenging and requires considerable investment to develop a compatible workflow. Thus far, the method

has been used for DNA polymerase activity, caspase activity, and glycosidase activity89,113,115. Unlike

scans of stability and binding, findings from one enzyme class cannot be generalized to another, making it

necessary to conduct specific scans for each enzyme class. The droplet-based method has been useful

in characterizing enzymatic constants and determining the mutational tolerance of each enzyme115. Like

stability and binding assays, core and active site positions are more mutationally intolerant than surface

positions. The method's primary advantage is the ability to obtain meaningful enzymatic constants and

measure activity under different conditions, which is useful in directing protein engineering efforts to

enhance specificity and optimize enzyme activity. However, key limitations of droplet-based DMSs include

the technical challenges of droplet-based mutational scans that limit widespread use and limited

availability of fluorescent reporters with a large dynamic range for multiplexed assays. Thus,

droplet-based DMSs are most suited for studies that require precise measures of activity or multiplexed

measurements of enzymatic constants. Inquiries that are only concerned with relative changes in activity,

such as defining activity modulating residues or engineering activity, can be accomplished with less

technically challenging activity DMSs.

2.4.3 Cell based methods for measuring protein activity

Cell-based deep mutational scanning of protein activity enables the assessment of protein activity

within the cellular environment, where factors such as chaperones, cofactors, and post-translational

modifications can influence protein function. Unlike in vitro assays, cell-based assays can provide a more

physiologically relevant environment for studying protein activity.

Compared to in vitro deep mutational scanning, the cell-based approach offers several

advantages. It allows for the identification of variants that confer improved function under conditions that

are difficult to mimic in vitro, making it a valuable tool for discovering novel variants with practical

https://paperpile.com/c/MHlDAB/psNLW+AGxjs+JEqsd
https://paperpile.com/c/MHlDAB/AGxjs
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applications. However, it is important to note that the cell-based approach has some limitations. For

instance, determining the specific effects of mutations on protein activity can be challenging when

mutations also affect other aspects of protein function, such as stability, localization, post-translational

modifications, and cellular steady-state levels. Furthermore, the presence of multiple copies of the

mutated gene in the genome of the host cell can lead to genetic interactions that may complicate the

interpretation of results. Thus, mutational scanning studies of activity are best performed in cell lines with

the protein-of-interest knocked out with either a co-translational expression control or a parallel scan in

near identical conditions that measures the cellular abundance of variants to normalize for changes in

stability and expression.

While the diversity of enzyme classes precludes broad generalizations regarding determinants of

activity, we highlight several studies that have successfully applied cell-based deep mutational scanning

to identify important determinants of protein activity. These studies demonstrate the potential of this

approach for uncovering key functional elements and for guiding the design of proteins with enhanced

activity or specificity.

2.4.3.1 Deep mutational scans of activity for drug development

The mutational tolerance of individual positions within a protein domain is a valuable metric for

drug development. Identifying mutationally tolerant positions can predict regions that are likely to develop

drug resistance, while identifying mutationally intolerant positions can highlight targets for therapeutic

interventions that are unlikely to evolve resistance.

Traditionally, evolutionary conservation has been used to determine the mutational tolerance of

positions within a protein. However, this approach has limitations, as it relies on a preconceived notion of

the protein's active site, which is usually inferred from the protein's structural information. Moreover,

functional mutational scans of various proteins have revealed that evolutionary conservation does not

always correspond to experimentally measured mutational tolerance. For instance, functional mutational

scans of PTEN and Hsp90 identified positions that were highly conserved but mutationally tolerant107,108.

This was unexpected, as the middle domain of Hsp90 responsible for client binding, which is usually

https://paperpile.com/c/MHlDAB/q6Z9d+vrdUl
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highly conserved, was mutationally tolerant. Conversely, some scans have found that the mutational

tolerance observed in their deep mutational scans aligns with evolutionary conservation. For example,

functional mutational scans of bacterial toxin HokC and T4 bacteriophage sliding clamp identified

mutationally intolerant positions that were highly conserved106,116.

In a functional scan of SARS-CoV-2 main protease, where the experimental mutational tolerance

corresponded to relative conservation levels, the mutational tolerance of individual positions within the

active site varied significantly117. These mutational scans demonstrate that experimentally derived

mutational tolerance is not consistently correlated with evolutionary conservation. Therefore, drug

development efforts should leverage deep mutational scanning data when available to identify ideal

targets for therapeutic interventions that are unlikely to evolve resistance.

2.4.3.2 Extended activity networks

Proteins perform their function by catalyzing reactions in their active site, a structural groove

where substrates bind. However, the function of a protein often involves residues that are distal to the

active site, and these residues form an extended activity network. While it is relatively easy to identify

active site residues using structural studies, identifying distal residues that modulate protein activity can

be more challenging. Deep mutational scanning is a powerful tool that can identify extended activity

networks beyond the active site.

By using appropriate controls to eliminate changes in expression or folding as factors influencing

activity, deep mutational scanning can identify residues in extended activity networks that modulate

protein function. Alternatively, follow-up biochemical experiments can directly measure the activity of

individual variants. Residues in extended activity networks can be potential sources of disease pathology

or targets for drug development. Furthermore, comprehensive mapping of extended activity networks can

reveal fundamental principles of protein activity that can guide protein engineering for improved activity.

Extended activity networks can include multiple protein domains. For example, a mutational scan

of the functional activity of a library of T4 bacteriophage sliding clamp variants identified a central residue

that completes a hydrogen bonding network between ATP-binding sites in the T4 bacteriophage

https://paperpile.com/c/MHlDAB/dx0ZG+Hyp8k
https://paperpile.com/c/MHlDAB/Joq7c
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clamp-loader complex, demonstrating an extended activity network at the residue level116. In another

case, an extended network of interactions in the K+ ion channel Kir2.1 was found to form a hydrophobic

interaction network that, when disrupted, resulted in gain-of-function activity65. Finally, a deep mutational

scan of Src kinase's catalytic domain revealed a novel autoinhibitory interaction between the SH4 domain

and the catalytic domain104. Mutations at the interface between the two domains resulted in

gain-of-function variants, demonstrating an extended activity network identified at the protein domain

level104.

Deep mutational scanning has been successfully utilized to identify extended activity networks

beyond the active site. Residues in these networks modulate protein function, and their comprehensive

mapping can improve our understanding of sequence-activity relationships to guide protein engineering

efforts for improved activity.

2.4.3.3 Structural trends and biochemical trends that modulate activity

In addition to identifying extended networks of residues that modulate activity, DMS have the

potential to reveal structural and biochemical trends that can be leveraged to create higher activity

variants of the protein of interest or its related homologs43,67,118. As the number of mutational scans

conducted on diverse proteins increases, it may be possible to extrapolate trends across related proteins

and domains, enhancing rational design and computational modeling of various protein functions.

DMS can uncover structural and biochemical motifs that enhance activity, especially in

difficult-to-characterize structures such as intrinsically disordered loops. For example, a recent DMS on

multiple acidic activation domains of transcription factors revealed the "acidic exposure model" in which

acidic and hydrophobic interactions balance to enhance activity67. This model facilitated the rational

design of higher-activity acidic domains and development of a prediction model to identify other acidic

domains in the human proteome. Another DMS on the MTHFR protein identified a structural motif in a

disordered loop that facilitated retention of the cofactor within the active site, resulting in increased

activity43. These examples demonstrate the utility of DMS in identifying activity-modulating structural and

biochemical motifs that are challenging to detect via conventional methods.

https://paperpile.com/c/MHlDAB/Hyp8k
https://paperpile.com/c/MHlDAB/7jExs
https://paperpile.com/c/MHlDAB/QC6X2
https://paperpile.com/c/MHlDAB/QC6X2
https://paperpile.com/c/MHlDAB/QCmYY+LqUSN+7GRoh
https://paperpile.com/c/MHlDAB/7GRoh
https://paperpile.com/c/MHlDAB/QCmYY
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In summary, over 100 peer-reviewed DMS studies of various protein activities have been

conducted, measuring nearly 1 million variant effects on activity (Supplementary Table 2.3). These

studies have focused on essential genes such as Hsp90 and ubiquitin, clinically relevant genes such as

TP53 and BRCA1, and viral proteins, and have been evenly distributed across yeast, human, and

bacterial expression systems. Activity deep mutational scans provide valuable insights into mutational

tolerance and identify extended activity networks that modulate activity. However, when interpreting the

results of an activity mutational scan, it is crucial to consider that changes in activity could arise from

various underlying factors, such as alterations in protein expression levels, stability and folding, catalytic

rate constants, substrate specificity, allosteric regulation, and more. Therefore, functional scores from a

single activity assay may not be sufficient to distinguish the independent contributions of each factor to

the observed changes in activity. To address this limitation, researchers can perform expression controls

and conduct parallel scans of other protein functionalities to isolate specific determinants of protein

variant activity and to confirm the accuracy of the measurements. By combining data from multiple

assays, a more comprehensive picture of protein function can be obtained, which could aid in the design

of more effective therapeutic interventions.

Overall, deep mutational scans of protein activity offer crucial insights into mutational tolerance

and activity networks. These insights have the potential to inform the development of more targeted

therapies for essential and clinically relevant genes, as well as viral proteins. As the number of DMS

studies continues to increase, so does the potential for deeper understanding of the relationships

between mutational tolerance, activity networks, and protein function.

2.5 Concluding remarks

In summary, deep mutational scanning has emerged as a highly effective tool for investigating the

relationship between protein sequence, structure, and function. Deep mutational scans have also

identified specific mutations, positions, and motifs that can enhance binding, stability, and activity to

support protein engineering efforts. To unlock extended activity networks, allosteric switches, and other

functional components in an unbiased way, future DMS studies should consider conducting scans of the
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same protein on different parameters, such as stability and activity. This approach can improve the

probability of identifying critical activity-modulating residues by restricting analyses to activity-modulating

variants that have little effect on stability. By utilizing multi-parameter deep mutational scanning,

researchers can gain a more comprehensive understanding of protein function, facilitate protein

engineering, and decipher the underlying mechanisms of disease pathology from sequence variant

effects.

As more deep mutational scans are conducted on protein targets across different parameters,

several exciting possibilities are likely to emerge. Deep mutational scanning has the potential to unlock

the secrets of protein function, facilitate protein engineering, and enhance our understanding of the

mechanisms underlying disease pathology.
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Chapter 3. Molecular determinants of Hsp90 dependence of Src kinase revealed by deep

mutational scanning

This chapter is adapted from the published manuscript Nguyen, V., Ahler, E., Sitko, K.A., Stephany, J.J.,

Maly, D.J. and Fowler, D.M. (2023), Molecular determinants of Hsp90 dependence of Src kinase revealed

by deep mutational scanning. Protein Science. Accepted Author Manuscript e4656.

https://doi.org/10.1002/pro.4656

Abstract

Hsp90 is a molecular chaperone involved in the refolding and activation of numerous protein substrates

referred to as clients. While the molecular determinants of Hsp90 client specificity are poorly understood

and limited to a handful of client proteins, strong clients, proteins that are functionally dependent on

Hsp90, are thought to be destabilized and conformationally extended. Here, we measured the

phosphotransferase activity of 3,929 variants of the tyrosine kinase Src, a weak client of Hsp90, in both

the presence and absence of an Hsp90 inhibitor. We identified 84 previously unknown functionally

dependent client variants. Unexpectedly, many destabilized or extended variants were not functionally

dependent on Hsp90. Instead, functionally dependent client variants were clustered in the αF pocket and

β1-β2 strand regions of Src, which have yet to be described in driving Hsp90 dependence. Hsp90

dependence was also strongly correlated with kinase activity. We found that a combination of activation,

global extension, and general conformational flexibility, primarily induced by variants at the αF pocket and

β1-β2 strands, was necessary to render Src functionally dependent on Hsp90. Moreover, the degree of

activation and flexibility required to transform Src into a functionally dependent client varied with variant

location, suggesting that a combination of regulatory domain disengagement and catalytic domain

flexibility are required for chaperone dependence. Thus, by studying the chaperone dependence of a

massive number of variants, we highlight factors driving Hsp90 client specificity and propose a model of

chaperone-kinase interactions.

3.1 Introduction
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Heat shock protein 90 (Hsp90) is a molecular chaperone that assists in the maturation and folding

of other proteins, called clients119. Hsp90 clients are diverse proteins involved in signal transduction,

including transcription factors, kinases, and steroid hormone receptors. Hsp90 can stabilize proteins that

lead to cancer progression and neurodegeneration, and thus plays an important role in the progression of

these and other diseases120,121.

Because of the role of Hsp90 in disease, small molecule Hsp90 inhibitors have been developed

that block Hsp90’s interaction with client kinases, often leading to client aggregation or degradation122. For

Hsp90 inhibitor treatment to deplete disease-causing proteins through aggregation or degradation, the

protein must be a strong client, meaning the target protein’s activity has a strong dependence on Hsp90

chaperoning. However, the mechanism driving Hsp90 client specificity, critical for Hsp90 inhibitor

treatment, remains elusive.

The challenge of characterizing the determinants of Hsp90 client specificity is best demonstrated

by highly-conserved kinases that exhibit divergent client statuses. For example, ErbB-1 and ErbB-2,

closely related receptor tyrosine kinases, have different client strengths owing to the disparate

hydrophobic properties of their αC-β4 loops30,123. v-Src and c-Src are non-receptor tyrosine kinases that

share 98% protein sequence homology. While c-Src is not a strong client of Hsp90, its oncogenic viral

descendant, v-Src is a strong client124. A single amino acid change in c-Src, SrcE381K, can increase its

interaction with Hsp90 by 30% compared to c-Src125. Biochemical studies of c-Src and v-Src, which differ

by only a handful of amino acids, suggest that Hsp90 client status depends on the differing intrinsic

stability and aggregation propensity of each kinase30,122,126. Molecular dynamics studies of v-Src and c-Src

also suggest that Hsp90 preferentially recognizes the extended, activated conformation of this

multi-domain kinase, which is less thermodynamically stable than the closed, inactivated conformation126.

More generally, high-throughput approaches have been employed to measure the interaction strength

between Hsp90 and hundreds of different human kinases, revealing a correlation between Hsp90

interaction strength and thermostability for a subset of kinases125. However, this approach did not reveal

an Hsp90 sequence recognition motif and did not measure the functional consequences of kinases

interacting with the chaperone.

https://paperpile.com/c/MHlDAB/MZgmZ
https://paperpile.com/c/MHlDAB/uvSUl+TxuKf
https://paperpile.com/c/MHlDAB/exaAy
https://paperpile.com/c/MHlDAB/S862i+JPUkd
https://paperpile.com/c/MHlDAB/4yXPr
https://paperpile.com/c/MHlDAB/CWcA7
https://paperpile.com/c/MHlDAB/S862i+exaAy+gLTC3
https://paperpile.com/c/MHlDAB/gLTC3
https://paperpile.com/c/MHlDAB/CWcA7
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Thus, many questions surrounding Hsp90 kinase client recognition and processing remain

unanswered. For example, are there other kinase structural motifs like the αC-β4 loop that are recognized

by Hsp90? What, if any, factors besides stability and surface hydrophobicity affect Hsp90 dependence?

To what extent does Hsp90 recognize client kinases through alterations in kinase conformation? Of the

client kinases recognized by Hsp90, which decrease in activity following Hsp90 inhibition? Finding

answers to these questions is challenging due to the sequence diversity of Hsp90 clients. However, the

advent of deep mutational scanning, where the effect of nearly all possible single amino acid variants of a

protein can be measured simultaneously, offers a way to understand the physicochemical and structural

bases of protein activity and proteostasis39. For example, we previously used deep mutational scanning to

reveal mechanistic details of kinase regulation through changes in phosphotransferase activity104. In other

examples, deep mutational scans of influenza hemagglutinin, metabolic enzyme dihydrofolate reductase

(DHFR), and membrane protein rhodopsin in different proteostasis environments revealed how changes

in mutational tolerance could impact a protein’s allowable evolutionary sequence space71,75,102.

Here, we explore Hsp90 dependence and client processing, combining deep mutational

scanning, proteostasis perturbations, and computational approaches in the context of the model Hsp90

client, Src kinase. Src, a non-receptor tyrosine kinase and one of the Src family kinases (SFKs), functions

as a key mediator of signal transduction127. Once activated by cell-surface receptors, Src interacts with

substrates to drive cell proliferation, differentiation, angiogenesis, and cell survival128,129. Like ~50% of

human kinases, Src is composed of a catalytic domain and multiple accessory domains that regulate its

activity130. Aside from the catalytic domain (CD), Src contains the unique, Src homology 4 (SH4), SH3,

and SH2 domains in addition to a regulatory C-terminal tail (Figure 3.1A-B). These regulatory domains

act in concert to hold Src in its closed, inactive conformation. In the closed conformation, the SH4 domain

forms an interface with the αF pocket on the CD while the SH3 and SH2 domains interact with the N- and

C- lobes of the CD, respectively (Figure 3.1C)104,131–133. Phosphorylation at Y530 in the C-terminal tail

strengthens intramolecular engagement of the SH2 domain to further repress Src activity134. Competitive

association of the SH4, SH3, and SH2 domains with other intracellular interactors, as well as

phosphorylation at Y419 release these autoinhibitory interactions and activate Src104,135,136. Mutations that

https://paperpile.com/c/MHlDAB/sOP1O
https://paperpile.com/c/MHlDAB/QC6X2
https://paperpile.com/c/MHlDAB/A7u9f+ppU2k+fNLGs
https://paperpile.com/c/MHlDAB/ARizL
https://paperpile.com/c/MHlDAB/frn0E+HpZtl
https://paperpile.com/c/MHlDAB/qkIca
https://paperpile.com/c/MHlDAB/QC6X2+H9N6y+MgWVy+0ONCy
https://paperpile.com/c/MHlDAB/FKVUS
https://paperpile.com/c/MHlDAB/QC6X2+hBRJY+huZIr
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disrupt autoinhibition allow Src to spontaneously access its active conformation and can lead to aberrant

Src activity and oncogenesis128,129,137.

Figure 3.1. (A) Domain organization (SH4, Unique, SH3, SH2, and CD) of Src kinase. (B) In a closed
conformation Src is autoinhibited by the SH4, SH3, and SH2 domains (left) that, when released, yield
Src’s extended, active conformation (right). (C) Structure of Src in the inactive, closed conformation (PDB
ID: 2SRC) showing the N-lobe, C-lobe, and the αF pocket. The SH2 domain is shown in red and the SH3
domain is shown in yellow. (D) The Src variant library was grown in basal conditions (DMSO) and Hsp90
depleted conditions (radicicol) and differences in growth rates were used to determine variant Hsp90
dependence. (E) Individually measured growth rates of weak client SrcWT and functionally dependent
client E381K in radicicol and DMSO (n=3).

https://paperpile.com/c/MHlDAB/bSKzO+frn0E+HpZtl
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We evaluated the effect of 3,929 Src CD variants across 250 residues on phosphotransferase

activity in both the presence and absence of an Hsp90 inhibitor. By measuring change in Src variant

phosphotransferase activity following Hsp90 inhibition, we identified 84 previously unknown functionally

dependent client variants. These variants were distributed throughout the CD, but clustered in the β1-β2

strands and αF pocket regions of Src, previously unknown to drive Hsp90 interaction. While the E381K

mutation in the αF pocket had previously been identified as a driver for Hsp90 interaction, the involvement

of the remainder of the αF pocket in Hsp90 dependence has yet to be shown. Comparatively few client

variants occurred in the regulatory SH3-CD and SH2-CD interfaces, indicating that Hsp90 recognition of

Src does not occur solely due to disruption of regulatory interactions. Rather, Hsp90 dependence and

conformational flexibility strongly correlated with kinase activity. We found that a combination of activation

and the general flexibility of Src’s global conformation, primarily induced by variants at the αF pocket and

β1-β2 strands, was necessary to transform Src into a functionally dependent client. Moreover, the degree

of activation and extension required to transform Src into a functionally dependent client changed

depending on the variant location. Thus, our data suggest that regulatory domain disengagement and

catalytic domain flexibility are both required to transform Src into a functionally dependent client. Our work

demonstrates the utility of using deep mutational scanning to study the functional consequences of

complex and dynamic protein-protein interactions such as protein chaperoning.

3.2 Multiplexed measurement of Hsp90 effects on Src variant activity

We previously used a S. cerevisiae assay to conduct a deep mutational scan of the c-Src CD,

measuring the effects of over 3,500 c-Src variants on the growth of the BY4741 Green Monster strain

(see Methods for genotype)104,138. In this assay, Src is expressed from a plasmid under the control of a

galactose inducible promoter. Src activity disrupts a yeast spore wall remodeling pathway and limits the

growth rate of cells139. We showed that growth rates of yeast expressing different Src variants correlated

strongly with in vitro phosphotransferase activity as well as yeast and cultured human cell

phosphotyrosine levels104.

https://paperpile.com/c/MHlDAB/QC6X2+FFBec
https://paperpile.com/c/MHlDAB/nTxoA
https://paperpile.com/c/MHlDAB/QC6X2
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We reasoned that we could use the yeast assay to measure the effect of Hsp90 on Src activity

and thus comprehensively characterize the Hsp90 dependence of thousands of variants. Yeast Hsp90 is

60% identical to the human isoform Hsp90α and has been used as a model to investigate Hsp90

dependence of human Src variants122,140,141. The activity of functionally dependent clients depends on

Hsp90, and thus changes in yeast growth following treatment with an Hsp90 inhibitor reflect changes in

Src-mediated toxicity142. In particular, the growth of yeast expressing functionally dependent client Src

variants is rescued upon Hsp90 inhibition because of these variants’ dependence on Hsp90122 (Figure

3.1D). To inhibit Hsp90, we used radicicol, a small molecule that binds to Hsp90’s N-terminal domain and

disrupts its function through competitive binding of the ATP-binding pocket. We constructed a radicicol

dose response curve for yeast expressing SrcWT, SrcE381K, and an empty vector control to identify a

concentration that resulted in the expected moderate increase in growth rate in cells expressing the weak

client SrcWT (Supplementary Fig 1) and a larger increase in growth rate in cells expressing the

functionally dependent client SrcE381K. We selected 800nM radicicol which, while somewhat toxic,

increased the growth of yeast expressing SrcWT and greatly increased the growth of yeast expressing

SrcE381K. (Figure 3.1E)125. Thus, yeast growth rates could be used to measure the effect of Hsp90

inhibition on Src variant-mediated changes in yeast growth and, by proxy, Src phosphotransferase

activity.

We transformed a previously generated library of ~4,000 Src CD variants into yeast, induced Src

expression, cultured the library in the presence of radicicol, and withdrew samples from each culture

periodically104. We deeply sequenced each sample to quantify the frequency of each variant at each time

point. We converted these frequencies into variant activity scores by taking the ratio of frequencies of

each variant relative to the SrcWT frequency at each time point and performing a weighted linear

regression in which the negative slope of the line was the activity score143. We normalized activity scores

such that SrcWT had a score of 1. Using this method, we calculated the activity of 3,929 (3,366

nonsynonymous, 430 synonymous, and 133 nonsense) Src variants in both basal and Hsp90 inhibited

conditions, representing 73% of possible CD single variants. We collected two replicates, which were well

correlated (R = 0.86, rho = 0.86; Figure 3.2A).

https://paperpile.com/c/MHlDAB/exaAy+aTgoj+5R6gJ
https://paperpile.com/c/MHlDAB/NiwxB
https://paperpile.com/c/MHlDAB/exaAy
https://paperpile.com/c/MHlDAB/CWcA7
https://paperpile.com/c/MHlDAB/QC6X2
https://paperpile.com/c/MHlDAB/evV98
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3.3 Determining the Hsp90 dependence of ~3,500 Src missense variants

In order to quantify each variant’s dependence on Hsp90 chaperoning, we compared the activity

scores measured in the radicicol treated condition to previously measured DMSO activity scores

generated using the same library and assay104. SrcWT, to which each set of scores was normalized, had

different growth rates in the two conditions due to slight radicicol toxicity. Thus, the radicicol activity scores

reflect growth rates affected by both radicicol toxicity and Src variant toxicity, making direct comparisons

with DMSO activity scores, which only represent growth rates affected by Src variant toxicity, difficult. To

enable direct comparison of variant activity scores in the two conditions, we calibrated how each set of

activity scores related to growth rate by individually measuring the growth rates of yeast expressing 13

variants that spanned the range of the activity scores. Individually measured growth rates were well

correlated with activity scores derived from the deep mutational scans in both conditions (Figure 3.2B;

DMSO, R = 0.89, rho = 0.92; radicicol, R = 0.86, rho = 0.86). We used a linear model to transform

radicicol activity scores to yeast growth rates and then used a second linear model to transform yeast

growth rates to DMSO-equivalent activity scores. We refer to the result of the transformed radicicol

activity scores as “calibrated radicicol activity scores,” in which a variant with a calibrated radicicol activity

score of 0 has the same growth rate as a variant with a DMSO activity score of 0. We then calculated a

“client score” for each variant by taking the difference between the calibrated radicicol activity score and

the measured DMSO activity score (see Methods). Client scores ranged from -3.04 to 2.56, with negative

values indicating a strong dependence on Hsp90 (Figure 3.2C, D). The inactive variant SrcK298M had a

positive client score of 1.09. The weak client SrcWT had a client score of 0.27, indicating that weak clients

in our library have client scores close to 0, similar to SrcWT. To identify functionally dependent Hsp90

clients, we used synonymous variants to define the range of WT-like client scores. We considered all

variants whose client scores were below two standard deviations of the mean client score of synonymous

variants functionally dependent clients (Figure 3.2D). 84 variants had client scores that met this definition

of a functionally dependent client.

https://paperpile.com/c/MHlDAB/QC6X2
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Figure 3.2. (A) Activity scores for 3,929 of Src catalytic domain variants in two radicicol-treated replicates.
(B) Linear regression of activity scores and individually measured growth rates (n=3) of 13 variants in
either radicicol- or DMSO-treated conditions. These linear models were used to convert radicicol activity
scores to calibrated radicicol activity scores, which were then used to calculate a client score for each
variant by subtracting the DMSO activity score from the calibrated radicicol activity score. (C) Individually
measured growth rates of yeast expressing nonclient SrcK298M, weak client SrcWT, or functionally
dependent client SrcF512P in either basal or Hsp90-inhibited conditions of (n=3), along with each
variant’s client score. (D) Distribution of nonsynonymous (n = 3,366, gray), synonymous (n = 430, green),
and nonsense (N = 133, red) client scores of variants in the library. Dashed line indicates used to define
functionally dependent clients. Functionally dependent client variants E381R and T341I are indicated by
arrows. The client score of kinase-dead variant K298M and the apparent client score of empty vector are
indicated by arrows over the nonsense distribution.

To validate our client scores, we tested 3 functionally dependent client variants individually and

observed large increases in growth rates in radicicol relative to DMSO, as suggested by their large

negative client scores (Supplementary Figure 2A). We also examined previously known and suspected

functionally dependent clients144,145. SrcE381K increases Hsp90 interaction compared to SrcWT
125. While

SrcE381K was not present in our library, a variant with a similar positive charge at the same position,

SrcE381R, was a functionally dependent client with a score of -3.04. We also examined SrcT341I, a

“gatekeeper mutation” that confers tyrosine kinase inhibitor resistance in many different kinases146. The

https://paperpile.com/c/MHlDAB/MeRqs+qfkpK
https://paperpile.com/c/MHlDAB/CWcA7
https://paperpile.com/c/MHlDAB/rryfM
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oncogenic activity of kinases harboring gatekeeper mutations has been successfully repressed in mice

using Hsp90 inhibitors, suggesting that kinases with the gatekeeper mutation are functionally dependent

clients of Hsp90147,148. SrcT341I was also classified as a functionally dependent client with a score of -1.71.

Thus, client scores accurately recapitulate the effects of Hsp90 on Src activity in yeast, and reveal Src

variants that are strongly dependent on Hsp90.

We also observed 111 variants with positive client scores beyond two standard deviations of the

synonymous distribution, suggesting that these variants might increase in activity following Hsp90

inhibition. Indeed, an increase in tyrosine kinase activity has been reported as a transient phenomena

following Hsp90 inhibition in T24 bladder carcinoma cells149. However, 105 of the variants with large

positive client scores were inactive (DMSO activity score < -0.47), so the reduction in yeast growth

mediated by radicicol toxicity accounts for these variants’ positive client scores. Similarly, yeast harboring

an empty vector that does not express Src also had a positive client score (Figure 3.2D). Only 6 variants

appeared to have appreciable activity in DMSO and increased activity following Hsp90 inhibition

(Supplementary Figure 2B). We individually measured the growth rate of three of these variants in

DMSO and radicicol. None of them exhibited an appreciable decrease in growth rate on radicicol

treatment, as the client score suggested. One variant, SrcE335M, showed growth recovery with radicicol

treatment, suggesting it was strongly dependent on Hsp90. However, this result was the consequence of

experimental error, as the E335M client score had a standard error greater than 99.4% of the other

variants. Thus, these few variants appear to be artifacts of radicicol mediated toxicity.

https://paperpile.com/c/MHlDAB/zO0Jp+n943G
https://paperpile.com/c/MHlDAB/d7AHC
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Figure 3.3. (A) Heatmap of client scores of 3,499 Src variants. Cells are colored by client score. Gray
indicates missing variants and dots indicate the WT amino acid. Asterisks indicate stop codons. (B)
Structure of the Src CD colored by mean client score at each position and showing the number of
functionally dependent clients at each position by sphere size (PDB ID: 2SRC). (C) Structure of Src with a
continuous surface of client mutations between αF pocket and β1-β2 strand hotspot (PDB = 2SRC).
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3.4 Functionally dependent client variants are spatially localized

In order to understand how variants impact Hsp90 dependence, we organized the client scores

into a variant effect map comprising 73% of the total possible single amino acid variants in Src’s CD

(Figure 3.3A). The map revealed that 80% of the positions in the CD had no functionally dependent client

variants. Of the 49 positions with a functionally dependent client variant, 35 positions had just one

functionally dependent client variant while four positions, W285, E381, I444, and F512, had five or more

functionally dependent client variants. Projection of the client score data onto the structure of the CD

revealed dramatic localization of the positions harboring functionally dependent client variants. Two

hotspots consisting of 14 positions in the αF pocket of the C-lobe and β1-β2 strand hotspot of the N-lobe

account for 52.9% of functionally dependent client variants (Figure 3.3B). The functionally-dependent

client-containing positions outside these two hotspots appear to form a continuous surface that connects

the β1-β2 strand hotspot to the αF pocket, comprising the hinge between the N- and C- lobes (342-347),

the β7-β8 loop, and the αC-β4 loop (Figure 3.3C).

One hotspot, the αF pocket, contains eight positions that form a regulatory interface where the

αE, αF, and αI helices meet (Figure 3.4A). Three of the four positions with five or more functionally

dependent client variants, E381, I444, and F512, are located within the αF pocket. A lysine substitution at

E381 has previously been shown to increase the Hsp90 dependence of Src125. The appearance of

numerous functionally dependent client variants at αF pocket positions I444 and F512, which are adjacent

to E381, suggest that the αF pocket plays an important role in Hsp90 dependence. Indeed, each of the

other five positions comprising the αF pocket also harbored at least one functionally dependent client

variant. T443 and T511 each had three functionally dependent client variants, while A378, P506, and

E508 harbored one or two functionally dependent client variants. We compared the αF pocket positions to

adjacent positions (within 7 angstroms), and found no appreciable difference in mutational coverage

(Supplementary Table 3.1). Positions adjacent to the αF pocket contained a significantly smaller

proportion of functionally dependent client variants (5/413) compared to the αF pocket positions (31/133);

https://paperpile.com/c/MHlDAB/CWcA7
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two-sided Fisher’s exact test p < 1e-4). Thus, variants within the αF pocket appear to drive Hsp90

dependence specifically.

The other hotspot, in the β1 and β2 strands, contains six positions located on the

solvent-exposed face of the N-lobe of Src’s CD (Figure 3.4B). We previously showed that these six

positions harbor many activating variants and that they play a role in regulating Src activity104,150

(Supplementary Table 3.2). The β1-β2 hotspot contains one position with five functionally dependent

client variants, two positions with three functionally dependent client variants, and three positions with 1-2

functionally dependent client variants. The appearance of numerous functionally dependent client variants

at nearly all positions in the β1-β2 strand region suggest that this hotspot could also be involved in Hsp90

dependence. Indeed, as for the αF pocket, a comparison of the proportion of functionally dependent client

variants within the β1-β2 strand positions (14/87) to adjacent positions (within 7 angstroms; 4/207)

revealed that the β1-β2 strand positions are significantly enriched for functionally dependent client

variants (two-sided Fisher’s exact test p < 1e-4) (Supplementary Table 3.2). Thus, like the αF pocket,

variants within the β1-β2 strand hotspot appear to specifically increase Hsp90 dependence.

Given the localization of functionally dependent client variants in two distinct hotspots, we asked if

the hotspots had distinct patterns of amino acid substitutions. Positively charged and hydrophobic

substitutions at position E381 have previously been shown to enhance Hsp90 interaction144. Thus, we

asked whether these types of substitutions drove Hsp90 dependence at other αF pocket and β1-β2 strand

positions. Indeed, positively charged substitutions at positions E381, I444, T511, and P506 conferred

strong Hsp90 dependence (randomization test, p = 7e-4; Figure 3.4C). Positively charged substitutions at

the remaining four αF pocket positions had WT-like client scores, except at F512 where both K and R

substitutions led to loss of function in DMSO. Similarly, hydrophobic substitutions at positions E381 and

F512 conferred strong Hsp90 dependence (randomization test p < 1e-4) but at other αF pocket positions

led to WT-like client scores. Thus, the trends previously observed for E381 extend to only three other

positions for positive charges and one other position for hydrophobic substitutions. This suggests that

surface biochemical properties are not the only driver of Hsp90 dependence at the αF pocket.

https://paperpile.com/c/MHlDAB/QC6X2+MVB4e
https://paperpile.com/c/MHlDAB/MeRqs
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Figure 3.4. (A) Structural details of the αF pocket positions containing functionally dependent client
variants (shown in green). (B) Structural details of the β1-β2 strand hotspot positions containing
functionally dependent client variants (shown in blue). (C) Hierarchical clustering of αF pocket positions
shows enrichment of hydrophobic functionally dependent client variants at positions E381 and F512
(outlined in yellow) and enrichment of positively-charged functionally dependent client variants at
positions E381, I444, T511, and F512 (outlined in blue). Dots indicate the WT amino acid. Asterisks
indicate stop codons. (D) Hierarchical clustering of β1-β2 strand positions shows general enrichment of
hydrophobic functionally dependent client variants. Dots indicate the WT amino acid. Asterisks indicate
stop codons.

Like the αF pocket, hydrophobic substitutions in the β1-β2 strand hotspot often produced Hsp90

dependence, accounting for seven of the 14 functionally dependent client variants (randomization test p =
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1.1e-4; Figure 3.4D). However, unlike positions E381 and F512 in the αF pocket where all observed

hydrophobic substitutions created functionally dependent clients, no position in the β1-β2 strand hotspot

had such strong enrichment for hydrophobic substitutions. The remaining functionally dependent client

variants in the β1-β2 strand hotspot were polar or special amino acids (C, G, P), and no negatively

charged variants were functionally dependent clients.

Thus, at the αF pocket and β1-β2 strand hotspots, hydrophobic variants tended to give rise to

Hsp90 dependence, but no other clear patterns in the nature of functionally dependent client substitutions

were apparent. These two regions both play a role in facilitating autoinhibition and regulating Src activity.

The αF pocket binds the SH4 domain to promote a closed and inactive conformation of Src104. We

previously showed that Src becomes more extended and hyperactive upon abrogation of this regulatory

interaction by mutagenesis. The β1-β2 strands flank the phosphate-binding loop (P-loop) of the CD and

residues in the β1-β2 strand hotspot are components of an allosteric network that communicates

intramolecular SH3 domain engagement with the conformational flexibility of Src’s P-loop and αC helix.

Mutations in the β1-β2 strand hotspot also extend and activate Src122,126,150. A previous biochemical study

demonstrated that the introduction of mutations from v-Src that disrupt regulatory domain interfaces and

promote an extended global conformation into c-Src also increase Hsp90 dependence122. Taken together,

this evidence suggests that more extended, regulatory domain-disengaged Src, created through variation

within the αF pocket and the β1-β2 strands, is more functionally dependent on Hsp90.

In addition to the αF pocket and β1-β2 strand hotspots, Src contains other clusters of regulatory

positions that influence its conformation, namely the SH2-CD and SH3-CD interfaces133,151,152. Unlike the

αF pocket and β1-β2 strand hotspot, the SH2 and SH3 interfaces were not functionally dependent client

variant hotspots. The SH2 and SH3 interfaces each only had one functionally dependent client variant

(1/49 and 1/78, respectively), compared to the 31 functionally dependent clients in the αF pocket (31/133)

and the 14 functionally dependent clients (14/87) in the β1-β2 strand hotspot (Figure 3.5A;

Supplementary Table 3.3). The SH2 interface functionally dependent client variant, SrcL325T, is adjacent

to the hinge and αE helix. The SH3 interface functionally dependent client variant, SrcW289K, is adjacent to

https://paperpile.com/c/MHlDAB/QC6X2
https://paperpile.com/c/MHlDAB/gLTC3+exaAy+MVB4e
https://paperpile.com/c/MHlDAB/exaAy
https://paperpile.com/c/MHlDAB/0ONCy+9Qohx+5j0Zx
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Figure 3.5. (A) Distribution of client scores at different regulatory clusters. Solid line indicates the
functionally dependent client threshold. (B) Distribution of DMSO activity scores at different client
interfaces. Dashed line indicates increased activity threshold. (C) Correlation between client score and
activity score; R = -0.91, rho = -0.93 (D) Linear regression of client scores and activity scores of variants
in the αF pocket (green) and β1-β2 strand hotspot (blue) yield different slopes.

the SH2-CD linker. We, as well as others, previously showed that mutations at the SH2 and SH3

interfaces disrupt the intramolecular regulatory domain engagement of Src using both SH3 pull-down

assays and molecular dynamics simulations104,132,153. For example, SrcT293D in the SH3-CD interface, leads

to reduced intramolecular SH3 domain engagement in an SH3 pull-down assay104. However, SrcT293D had

a client score (0.26) similar to SrcWT (0.27). Thus, unlike the αF pocket and β1-β2 strand hotspot, the

SH2-CD and SH3-CD interface variants were rarely strongly dependent on Hsp90, despite the ability of

some to disrupt intramolecular regulatory domain engagement. Factors beyond the global conformation

must therefore play a role in Hsp90 client dependence. These factors could include kinase domain

stability, surface hydrophobicity, and phosphotransferase activity, all of which have been implicated in

Hsp90 client specificity30,122,126,154.

https://paperpile.com/c/MHlDAB/QC6X2+MgWVy+49EtQ
https://paperpile.com/c/MHlDAB/QC6X2
https://paperpile.com/c/MHlDAB/1MlnC+S862i+exaAy+gLTC3
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3.5 Src variant predicted stability and hydrophobicity do not dictate Hsp90 dependence

In vitro and molecular dynamics studies of weak client SrcWT and strong client v-Src suggest that

the stability of the kinase fold is important for Hsp90 client dependence122,126. Comprehensive

characterization of the human kinome similarly found a modest correlation (R2 = 0.23, Pearson’s R =

0.48) between a measure of Hsp90 interaction and thermal stability of 56 kinases30. These studies

suggest Hsp90 recognizes intrinsically unstable kinases as clients, reasoning that extended kinase

conformations are less stable than more compact, closed conformations, thereby leading to increased

dependence on Hsp90. However, these studies are limited in the number of kinases studies and our data

provides a unique opportunity to identify stability trends in functionally dependent Hsp90 clients.

We calculated the free energy change brought about by variants (ΔΔG) in the extended

conformation of Src (PDB ID: 1Y57) using a previously described Rosetta-based method for predicting a

protein’s thermodynamic stability from its structure66,155. We validated the viability of these stability

calculations using the gatekeeper mutation, SrcT341I. Structural analyses of the T341I gatekeeper mutation

suggest it stabilizes a hydrophobic spine that links the gatekeeper mutation to the activation loop146,156,157.

We calculated a ΔΔG of -0.4 Rosetta energy units (R.E.U.) for SrcT341I, indicating that the introduction of

the gatekeeper mutation stabilizes the structure relative to SrcWT. We projected the average ΔΔG values

of client positions onto the CD (Supplementary Figure 3A), revealing other stabilizing client variants at

the β3-αC loop as well on the surface of the αG, αH, and αI helices. However, Src variant ΔΔG had only a

limited correlation with client score (Pearson’s R = 0.22; Supplementary Figure 3B). Because Hsp90

may only recognize specific local instabilities in the kinase domain, we also analyzed the relationship

between ΔΔG and client score at each position with a functionally dependent client variant. Although we

observed a correlation between ΔΔG and client score at a few positions, most positions had no such

correlation, with many nonclient variants having similar ΔΔG to client variants (Supplementary Figure

3C), suggesting that the major determinant of Hsp90 interaction resides in features not captured by the

Rosetta energy function and our calculated ΔΔGs.

https://paperpile.com/c/MHlDAB/exaAy+gLTC3
https://paperpile.com/c/MHlDAB/S862i
https://paperpile.com/c/MHlDAB/7jUbv+G1JAa
https://paperpile.com/c/MHlDAB/tNqRM+rryfM+LPGjn
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Another factor suggested to be a determinant of Hsp90 client dependence is surface

hydrophobicity158–160. The most notable example is the substitution D770G in ErbB-1, which introduces a

hydrophobic patch at the αC-β4 loop, leading to increased Hsp90 interaction125,144. Fluorescence assays

for binding exposed hydrophobic regions showed that v-Src and other client Src variants had more

exposed hydrophobic regions than c-Src, suggesting surface hydrophobicity as a factor involved in Hsp90

dependence122. We also observed a tendency for hydrophobic variants to result in functionally dependent

clients at the αF pocket and β1-β2 strands. We used Rosetta to calculate the hydrophobic solvent

accessible surface area (hSASA) of the side chains of the variants in the extended conformation of Src

(PDB ID: 1Y57). We found limited correlation between the ΔhSASA and client score (Pearson’s R = -0.14)

(Supplementary Figure 4A). To tease out the effects of hydrophobicity at individual positions, we

projected the average ΔhSASA onto the CD structure (Supplementary Figure 4B), revealing E381 and

F512 in the αF pocket as positions with the lowest ΔhSASA. The only region with localization of positive

ΔhSASA values is on the αG and αH helices. However, many nonclients at these positions had similar

ΔhSASA values (Supplementary Figure 4C), suggesting that changes in surface exposed

hydrophobicity are not a major determinant of Hsp90 dependence.

3.6 Src hyperactivity correlates with Hsp90 dependence

Variants in the SH2-CD and SH3-CD interfaces were much less activating than those in the αF

pocket and β1-β2 strand hotspot (Figure 3.5B). The mean DMSO activity score of variants in the αF

pocket and β1-β2 strand hotspots were 0.79 and 1.72 respectively. In comparison, the mean activity

scores of the SH2 and SH3 interfaces were 0.11 and 0.35 respectively. Thus, the lack of functionally

dependent Hsp90 client variants at the SH2-CD and SH3-CD interfaces could reflect an apparent

dependence on active global conformations of Src.

To test this dependence more generally, we compared variant client scores to their corresponding

DMSO activity scores and found a strong correlation (R = -0.91, rho =-0.93; Figure 3.5C). In fact, all 84

client variants we identified were also classified as increased activity variants based on their DMSO

activity score104. Thus, Hsp90 appears to recognize, in an indirect fashion, increased phosphotransferase

https://paperpile.com/c/MHlDAB/04jgw+b9hvD+sdRWU
https://paperpile.com/c/MHlDAB/MeRqs+CWcA7
https://paperpile.com/c/MHlDAB/exaAy
https://paperpile.com/c/MHlDAB/QC6X2
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activity of Src variants. However, high activity does not always confer strong Hsp90 dependence, as some

highly active variants had WT-like client scores. Regressing client scores and activity scores for variants

in either the αF pocket or β1-β2 strand hotspot revealed substantially different linear slopes and

correlation coefficients (Figure 3.5D). While activity and client scores were strongly correlated for αF

pocket variants, there was much more variance in client scores for β1-β2 strand variants of similar activity.

The discrepancy between the two hotspots was most apparent between activity scores of 1.4 and 2.5,

where moderately activating variants are found. Indeed, most moderately activating αF pocket variants

(14/18) were functionally dependent clients while only a few moderately activating β1-β2 strand variants

(2/17) were functionally dependent clients. Thus, while high phosphotransferase activity was necessary

for strong Hsp90 dependence in our assay, not all activating variants were functionally dependent clients

and the distribution of functionally dependent clients among moderately activating variants was highly

dependent on the location within the CD.

Disengagement of Src’s regulatory domain apparatus is generally necessary for higher Src

activity, so Src's Hsp90 dependence appears to require disengagement of the regulatory domain

apparatus to provide access to the CD. However, comparison of similarly activating variants in the αF

pocket and β1-β2 strand hotspots highlight that regulatory domain disengagement alone is insufficient for

Src to become a functionally dependent Hsp90 client. We observe a strong correlation between the

activity and client scores of αF pocket variants (Pearson’s R = -0.59), suggesting that activating variants

in this region loosen the regulatory apparatus and promote the partially unfolded state required for

recognition by the Hsp90/Cdc37 chaperone system. The weaker correlation between the activity and

client scores for variants in the β1-β2 strand hotspot (Pearson’s R = -0.39) suggests that while activating

variants in this region of Src can promote regulatory domain disengagement, only a subset of variants

promote partial unfolding of the CD.
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Figure 3.6. Relative half-lives are variant half-lives normalized to the measured c-Src (SrcWT) half-life. (A)
Activity scores are negatively correlated with thermolysin half lives, while (B) client scores are positively
correlated with thermolysin half lives.

3.7 Specific active conformations drive Hsp90 dependence

To gain insight into the relationship between Src conformation and Hsp90 dependence, we used

a limited proteolysis assay with thermolysin to measure the kinase domain stability, conformational

flexibility and global extension of Src variants with similar activity scores but differing Hsp90

dependence150161,162. We expressed individual Src variants in HEK293T cells and captured each through

their ATP-binding sites using dasatinib-conjugated beads. We then exposed the Src-bound beads to

thermolysin, and measured the quantity of full-length Src over time via densitometry.

To determine if we could differentiate between Src variants with extended or compact global

conformations, we compared the thermolysin half-lives of SrcW285T, an extended, flexible conformation

control, and SrcE283D, a compact conformation control, to SrcWT (Supplementary Figure 5A-C). We

normalized the half-lives such that SrcWT had a half-life of 1. The extended global conformation control

https://paperpile.com/c/MHlDAB/MVB4e
https://paperpile.com/c/MHlDAB/tVt4O+VeAqd
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SrcW285T yielded a half-life of 0.56 relative to SrcWT, meaning that it was proteolyzed more quickly and

therefore in a more extended, flexible conformation. The compact control SrcE283D yielded a relative

half-life of 1.37, meaning that it was proteolyzed less quickly and therefore in a more compact

conformation. Thus, our assay could resolve differences in the conformational flexibility and global

extension of Src variants bound to dasatinib beads (Supplementary Figure 6).

In general, globally extended Src is considered to be active while compact Src is inactive, but we

found only a modest correlation between activity and thermolysin half-life (Pearson’s R = -0.46; Figure

3.6A). We found a slightly stronger correlation between thermolysin half-life and client score (Pearson’s R

= 0.68; Figure 3.6B) than activity score. Taken together, these data suggest that activating, weak client

variants have less flexible and more compact global conformations than similarly active functionally

dependent client variants.

3.8 Discussion

We used deep mutational scanning to investigate the effects of Hsp90 chaperoning on Src activity

amongst 3,929 variants in the CD. Overall, few variants’ activity depended strongly on Hsp90. We

revealed 84 previously unknown functionally dependent client variants of Src, which spatially clustered in

the αF pocket and the β1-β2 strands. 52% of the new functionally dependent client variants we identified

were located in these hotspots, with the remaining functionally dependent client variants forming a

surface through the CD hinge, β7-β8 loop, and the αC-β4 loop. These findings corroborate previous

studies identifying position E381 as a location where variants with strong Hsp90 dependence can

appear125. However, the appearance of functionally dependent client variants in the β1-β2 strands was

not previously recognized122.

Within each hotspot, we observed trends in the types of variants that transform Src into a

functionally dependent client. For example, select positions in both the αF pocket and the β1-β2 strands

transform Src into a functionally dependent client when mutated to hydrophobic residues. A smaller

subset of αF pocket positions transform Src into a functionally dependent client when mutated to

positively charged residues. Because the trends are limited to subsets of positions within each hotspot,

https://paperpile.com/c/MHlDAB/CWcA7
https://paperpile.com/c/MHlDAB/exaAy
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they imply that Hsp90 does not directly interact with these regions, but rather these variants create

conformational flexibility or expose structural motifs recognized by Hsp90.

Variant-induced instability and hydrophobicity have long been proposed as drivers of Hsp90

dependence30,122,125,126. We used Rosetta to calculate the changes in stability and hydrophobicity caused

by Src variants, and found little correlation between Hsp90 dependence and predicted stability or

hydrophobicity. While nearly all functionally dependent clients we identified were predicted to be unstable,

many variants with similarly low predicted stability were classified as weak clients or nonclients. Moreover,

some functionally dependent clients increased local hydrophobicity while others decreased

hydrophobicity. Our assay only detects functionally dependent Src variants, we would miss

loss-of-function variants with increased hydrophobicity or instability that are dependent on Hsp90.

Additionally, Rosetta calculates changes in hydrophobicity and stability using static structures of Src, and

may not accurately predict structural dynamics that increase hydrophobicity or induce local

destabilization. Thus, the lack of correlation between client score and predicted hydrophobicity and

stability may inaccurately reflect the role of these factors in determining Hsp90 binding.

Previously, Hsp90 dependence has been suggested to correlate with unfolding cooperativity,

hydrophobicity, and structural elements in the kinase domain122,126. Functionally dependent clients with

variants disrupting C-terminal tail binding and SH3-CD interface increase Src unfolding and the dynamics

or solvent exposure of the αC-β4 loop and β1-β3 strands122. Here, we extend this picture to show that

variants in the αF pocket and the β1-β2 strands also increase conformational flexibility and

disengagement of the regulatory domain apparatus, becoming dependent on Hsp90.

High Src activity requires disengagement of the regulatory apparatus and adoption of an

extended conformation. We found a strong correlation between high Src phosphotransferase activity and

Hsp90 dependence, suggesting that adoption of an extended global conformation is required to drive

Hsp90 dependence. However, variants at the SH2-CD and SH3-CD interfaces that promoted

phosphotransferase activity and extend Src global conformation were not classified as functionally

dependent clients by our assay104. Moreover, similarly active variants in the β1-β2 strands and αF pocket

differed in their tendency to confer strong Hsp90 dependence. Thus, regulatory domain disengagement

alone cannot explain Src Hsp90 dependence.

https://paperpile.com/c/MHlDAB/S862i+CWcA7+exaAy+gLTC3
https://paperpile.com/c/MHlDAB/exaAy+gLTC3
https://paperpile.com/c/MHlDAB/exaAy
https://paperpile.com/c/MHlDAB/QC6X2
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Instead, we found that regulatory domain disengagement was necessary, but not sufficient, to

confer strong Hsp90 dependence. Variants that increased conformational flexibility in our thermolysin

assay generally had higher activity and yielded stronger Hsp90 dependence. The differences in how

similarly activating variants extend Src’s global conformation suggest that active Src variants occupy

different conformations. In particular, we hypothesize that, in addition to regulatory domain

disengagement, partial unfolding of the CD is necessary to confer strong Hsp90 dependence. A

cryo-electron microscopy-derived structure of the kinase Cdk4 in complex with Hsp90 and the

kinase-specific co-chaperone Cdc37 showed the kinase domain in an extended conformation with split N-

and C-lobes threaded through the Hsp90 lumen17. Notably, Cdc37 forms hydrogen-bonding interactions

with the backbone of Cdk4’s αE helix in the C-terminal lobe. Given the proximity of the αF pocket to

Cdc37’s site of interaction with the αE helix, we speculate that activating mutations in the αF pocket also

promote a more accessible αE helix in Src. Additionally, the Cdk4-Cdc37-Hsp90 structure shows that

Cdc37 stabilizes the separation of the N- and C- lobes of Cdk4 by mimicking interactions the N-lobe

makes with the C-lobe. Both the αF pocket and the β1-β2 strands are adjacent to the unfolded region of

Cdk4 in the structure. Thus, we hypothesize that the conformational flexibility induced by variants at the

αF pocket and the β1-β2 strands potentiate binding and stabilization by Cdc37, and ultimate loading onto

the Hsp90 dimer (Supplementary Figure 7-8). Further study of the conformation and dynamics of the

variants we identified with similar activity but different Hsp90 dependence in different CD regions could

provide insight to the initial steps of kinase loading into the chaperone complex. Such studies could also

facilitate development of therapeutics that stabilize Hsp90 dependent kinase conformations, and these

therapeutics could be used in combination with Hsp90 inhibitors.

While we were able to add to the picture of Hsp90 dependence of Src kinase, our study is limited

in several ways. Our assay only identifies functionally dependent client variants that lose activity when

Hsp90 is inhibited. However, other strong client variants that interact with Hsp90 in their mature forms, but

do not lose activity following Hsp90 inhibition, could exist and would be missed by our assay. Activating,

weak client variants at the SH3-CD and SH2-CD interfaces could be such variants. Additionally, radicicol

treatment could induce the heat shock response and could give rise to off-target effects that affect

measured growth rate. Moreover, our study pairs human Src with yeast Hsp90. While yeast and human

https://paperpile.com/c/MHlDAB/3yIOY
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Hsp90 are conserved in sequence, structure and function, differences may exist163. Nonetheless, we

recapitulate all of the known Src functionally dependent clients studied in the context of human Hsp90 of

which we are aware125,147,148. Another limitation is that we were unable to determine the relative

importance of activation and extension in determining Hsp90 functional dependence. Future work

measuring the dynamics and SH2- and SH3- domain availability of full-length and truncated forms of the

strong client Src variants we identified will be necessary to deconvolve the effects of each contributing

factor on client status. Finally, our analysis of the relationship between client score and stability relies on

predicted, rather than measured, stability.

Taken together, our data suggests that activation and extension, primarily induced by positively

charged and hydrophobic variants at the αF-pocket or hydrophobic variants at the β1-β2 strands, are

additive determinants of Hsp90 dependence. We found that increased Src phosphotransferase activity

was strongly correlated with increased Hsp90 dependence, but that high activity alone was insufficient to

drive Hsp90 dependence. We showed, for a limited number of variants at the αF-pocket and β1-β2

strands, that conformational extension also correlated with increased Hsp90 dependence. We speculate

that variants the αF pocket and the β1-β2 strand hotspot perturb different regulatory elements in the CD,

driving spontaneous access to different conformations. In turn, Cdc37 may preferentially recruit some Src

conformations over others to the Hsp90 complex. Due to the high conservation of the CD between

diverse kinases, it is possible that similar factors driving Src-Hsp90 client preferences apply to other

kinases. Thus, extension of our approach to other Hsp90 clients, including other kinases and

neurodegenerative disease-related proteins, could reveal a broader array of client dependence and

processing mechanisms. Likewise, Hsp90 client variant libraries could be assessed in a human cell

context, which would enable modulation of the full slate of Hsp90 co-chaperones by chemical or genetic

means. Thus, deep mutational scanning represents a useful tool for investigating the mechanisms by

which Hsp90 recognizes and processes clients.
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3.10 Methods

S. cerevisiae genetics

Yeast experiments were performed in BY4741 Green Monster (MATa his3Δ1 leu2Δ0 met15Δ0

ura3Δ0 pdr5Δ pdr10Δ pdr11Δ pdr12Δ pdr15Δ snq2Δ ynr070wΔ aus1Δ yol075cΔ adp1Δ ycf1Δ vmr1Δ

nft1Δ bpt1Δ ybt1Δ yor1Δ) (Suzuki et al., 2011; a gift from Dr. Fritz Roth). All Src constructs were cloned

into the p415 GAL1 plasmid and transformed via lithium acetate transformation. Transformants were

plated onto C-Leu selective media and incubated at 30°C for 72 hours. Single colonies were used to

inoculate C-Leu liquid medium and incubated at 30°C in a rotating mixer at 20 rpm for 72 hours.

Cloning

All variants were generated using IVA cloning following standard protocols164. Sequences of the

full open reading frame were verified by Azenta Life Sciences Sanger sequencing with custom primers.

Individual yeast growth assays

Codon-optimized, full length single variants of Src were transformed into the BY4741 Green

Monster strain (a gift from Dr. Fritz Roth) using standard lithium acetate transformation protocol and

plated on C-Leu plates165. Three individual colonies of each transformation were used to inoculate 5 mL

2% glucose C-Leu cultures which were grown at 30°C to saturation. Cultures were back diluted to an

OD600 of 0.5 and allowed to double once in 3% raffinose C-Leu media. Cultures were back diluted to an

OD600 of 0.01 in 2% galactose C-Leu media to induce expression and plated and grown in a BioTek

Synergy H1 plate reader using constant orbital shaking at 30°C. The OD600 was measured every 30

minutes during a 48 hour growth period. Growth rates of each culture were calculated using the

GrowthRates software166.

https://paperpile.com/c/MHlDAB/wTbA3
https://paperpile.com/c/MHlDAB/CwkT3
https://paperpile.com/c/MHlDAB/otFgF
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Src CD DMS

To identify Hsp90 client variants, we cultured BY4741 Green Monster cells expressing our

previously described c-Src variant library in 2% galactose C-Leu media supplemented by 800 nM radicicol

in duplicate (GI50 = 5.32 μM)104. Three time points were sampled from each culture during 48 hours of

growth at approximately 19, 25, and 32 hours. Selection 1 time points had OD600’s of 0.186 and 0.202.

Selection 2 time points had OD600’s of 0.682 and 0.63. Selection 3 time points had OD600’s of 2.95 and

2.4. Timepoints were spun down at 3,000 x g and plasmids were extracted using Yeast Plasmid Prep I

(Zymogen) according to the manufacturer’s protocol. Barcodes were amplified and lllumina cluster

generators and indices were added via PCR using 2X KAPA Robust HotStart ReadyMix (KAPA

Biosystems). PCR products were cleaned and sequenced on the NextSeq 500/550 High Output v2 kit.

Library sequencing and variant scoring

Illumina reads for each timepoint and replicate were processed using bcl2fastq. All timepoints and

replicates were imported into Enrich2 and converted to activity scores using the Weighted Least Squares

scoring method (Rubin et al., 2017). Missing variants in this work were also missing in Ahler et al., 2019,

where we generated the library used in this work. These missing variants could result from nonuniform

PCR amplification, inadequate barcode coverage, and extreme growth attenuation due to variant activity

and subsequent filtering of low-frequency barcodes. Because increased Src activity decreases yeast

growth and subsequently the number of barcodes associated with each variant, activity scores were

multiplied by -1 before further analysis. The radicicol activity scores were transformed using two linear

regression models from measurements of 13 variants spanning the range of DMSO and radicicol activity

scores. DMSO activity scores from previous work were used for normalization104.

The first model predicts the growth rate of given variant from the variant’s radicicol score𝑟
^

𝑟𝑎𝑑𝑖𝑐𝑖𝑐𝑜𝑙, 𝑖
𝑖
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https://paperpile.com/c/MHlDAB/QC6X2
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𝑠
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𝐷𝑀𝑆𝑂
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The result of this transformation is a calibrated radicicol activity score  for each variant . 𝑠
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The difference between the calibrated radicicol activity score and the DMSO activity score for a given

variant is the client score .𝑖 𝑠
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Finally, the client score was calculated was by taking the difference between the predicted activity score

of empty vector in DMSO and radicicol.
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Rosetta stability and hydrophobicity calculations

The local stability values were obtained using the Cartesian ddG method first described by Park

2016155. The hSASA values were obtained by building models of each variant present in our study and

calculating the hydrophobic SASA of the mutated residue.

Dasatinib bead conjugation

https://paperpile.com/c/MHlDAB/7jUbv
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Dasatinib-amine was conjugated to NHS-activated sepharose beads first by washing 1,250 μL of

bead slurry with 1:1 mixture of dimethylformamide and ethanol. The beads were dried and added to 1300

μL of 1:1 dimethylformamide and ethanol and 64 μL 50mM dasatinib-amine. 240μL of 1 M carbodiimide

hydrochloride and mixed overnight at room temperature to couple the dasatinib to sepharose. The

following day, the supernatant was removed and the beads were washed three times with 1:1

dimethylformamide and ethanol. The beads were then incubated in a mixture of 57% 1:1

dimethylformamide and ethanol, 30% ethanolamine, and 13% 1 M carbodiimide hydrochloride. The next

day, the supernatant was removed and the beads were washed three times with 1:1 dimethylformamide

and ethanol, twice with 0.5 M sodium chloride, once with 20% ethanol, and stored in 20% ethanol until

use.

Mammalian cell culture

HEK293T cells were used for Src variant expression in thermolysin experiments. Cells were

grown at 37oC and 5% CO2 in DMEM (Thermo Fisher Scientific) supplemented with 10% fetal bovine

serum and 1% penicillin-streptomycin. Cells were passaged regularly when they reached 80-90%

confluency. The Src variants were transiently transfected into 500,000 HEK293T cells using FuGENE6

(Promega) and 1200 ng plasmid DNA at a 3:1 ratio of transfection reagent:DNA in single wells in 6-well

plates according to manufacturer’s protocol. Transfected cells were lifted off plates with 0.25%

Trypsin-EDTA (Thermo Fisher Scientific) and pelleted at 300 x g for 10 minutes for downstream sample

analysis.

Thermolysin assay measuring Src global conformation

Variants were transfected in HEK293T cells in single wells in 6-well plates. 48 hours after

transfection, the transfected cells were lifted from the plate and pelleted at 300 x g for 10 minutes. Cell

pellets were lysed using 200 μL or chilled modRIPA buffer (50 mM Tris, 150 mM NaCl, 5% glycerol (v/v),

1% NP-40, 0.25% sodium deoxycholate (w/v), 10 mM NaF, 1 mM PMSF, 1X protease inhibitor cocktail

(Sigma Aldrich), 1X phosphatase inhibitor cocktail 2 (Sigma Aldrich), and 1X phosphatase inhibitor

cocktail 3 (Sigma Aldrich), pH 8.0) for 10 minutes on ice, with occasional mixing. Cell lysates were spun
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at 20,000 x g for 10 minutes at 4°C and the supernatant was separated from the insoluble lysate. 10 μL of

50% dasatinib-conjugated bead / 20% EtOH slurry was prepared for each replicate by washing 3 times

with 10 bead volumes of 1X modRIPA buffer. Soluble lysate was incubated with washed

dasatinib-conjugated beads for 1 hour at room temperature, gently mixing end over end. Following

incubation, the beads were washed with 10 bead volumes of thermolysin digestion buffer (50 mM Tris,

500 mM CaCl2, pH 8.0) 3 times, and resuspended in a final volume of 100 μL digestion buffer. 500 nM

thermolysin (Promega) was added to the resuspended and washed beads in a 1:100 dilution and

incubated at 37°C for up to 75 minutes. Timepoints were taken by quenching the bead-thermolysin

mixture to 4X Laemmli 0.5mM EDTA.

Western blot and densitometric analysis

Samples in 1X Laemmli (BioRad) were boiled at 95°C for 10 minutes and run in 4-20%

polyacrylamide gels (BioRad) in Tris-Glycine-SDS (BioRad) buffer for 40 minutes at 200V. Gels were

transferred using the TurboBlot transfer system (BioRad) on the “Mixed MW Midi” program onto

nitrocellulose (BioRad). Blots washes include 3 5-minute incubations with TBST (25 mM Tris, 150 mM

NaCl, 0.1% Tween-20) on an orbital shaker. Following transfer, blots were washed, blocked with TBST

and 5% nonfat dry milk for 1 hour at room temperature, washed, and incubated with primary antibody

overnight at 4°C (Cell Signaling Technologies, 36D10). Blots were then washed again and incubated with

secondary antibodies (LiCOR) and imaged via ChemiDoc (BioRad). All western blot quantification was

performed using ImageLab software.

Half-life estimation and normalization

Densitometric measurements of each sample were normalized to the first timepoint by taking the

ratio of each timepoint to the first timepoint. The normalized values were then fit to an exponential decay

function using the curve-fitting function in scipy 1.4.1 package. The half-lives were𝑦 = 𝑚𝑒−𝑡𝑥 + 𝑏

calculated using . To calculate relative half-lives that are reported in the results section,𝑡
1/2

=
ln𝑙𝑛 0.5−𝑏

𝑚( ) 

−𝑡

the half-lives of Src variants were then normalized to SrcWT by taking the ratio of the variant half-life to

the wild-type half-life.
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Code and data availability

Sequencing reads were deposited in NCBI’s Gene Expression Omnibus (GEO) and are

accessible through accession number GSE218190. Data for the DMS and code to reproduce figures are

located in our Github repository at https://github.com/FowlerLab/2022_SrcHsp90.

https://github.com/FowlerLab/2022_SrcHsp90
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Chapter 4. Conclusion and future directions

Since the discovery of the heat shock response, Hsp90 has emerged as a critical proteostasis

regulator and valuable drug target in biology and disease. Despite its importance, the current

understanding of the Hsp90 system remains incomplete. Researchers have extensively investigated the

complex system, including its co-chaperones and clients, to elucidate how this flexible system activates

clients and contributes to tumorigenesis or prevents the aggregation of toxic nuclear aggregates, among

other possibilities.

In my doctoral research, I focused on a specific aspect of the Hsp90 system, namely, its

relationship with client kinases, and how it activates and refolds them through deep mutational scanning. I

illustrate in my thesis that deep mutational scanning is a powerful tool that comprehensively characterizes

the effects of variants on protein function. In my study, I evaluated the current state of deep mutational

scanning and its applications in protein science. Using the complex and dynamic phenomenon of Hsp90

chaperoning of the model client Src, I demonstrate the efficacy of deep mutational scanning.

Through my experiments, I uncovered novel molecular determinants of Hsp90 chaperoning of

kinases, highlighting the utility of deep mutational scanning in protein science. My research provides new

insights into the Hsp90 system and contributes to the growing knowledge of protein folding and

chaperoning mechanisms.

In Chapter 1, I introduce Hsp90 and its structure, function, and cycle. Hsp90 is a molecular

chaperone that plays a crucial role in activating and refolding proteins known as clients. It has emerged

as a key regulator of proteostasis due to its ability to chaperone a diverse array of signaling molecules

such as kinases, transcription factors, and steroid receptors. Consequently, Hsp90 has been shown to be

a key driver in tumorigenesis, neurodegenerative disorders, and zoonotic diseases.

To unravel the complexities of Hsp90's diverse functions and its involvement in various diseases,

researchers have extensively studied its interaction with co-chaperones and clients. However, the wide

range of proteins chaperoned by Hsp90, coupled with the narrow focus of many studies on a few

well-known client-nonclient protein pairs, makes it challenging to obtain a complete understanding of

Hsp90's functional interactions.
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Recently, the development of high-throughput multiplexed studies has presented an

unprecedented opportunity to obtain a comprehensive understanding of the sequences chaperoned by

Hsp90. Rather than retrospectively determining that client proteins are unstable, a more extensive dataset

can reveal sequence and structural motifs that allow Hsp90 to interact with its clients, and consequently,

play a crucial role in cellular functions and disease progression.

In Chapter 2, I provide an overview of the deep mutational scanning methods that are commonly

used for investigating protein stability, binding, and activity. While there are several types of mutational

scans, they can largely be categorized as in vitro scans and cell-based assays. In vitro mutational scans

allow for precise control and the determination of binding and enzymatic constants in a massively parallel

manner. On the other hand, cellular-based assays are not suitable for determining biochemical constants

but are useful for understanding how variation affects function in the context of the cell. This is particularly

valuable for studying viral proteins, membrane-bound proteins, and nucleic acid binding proteins.

Furthermore, these scans can be employed to reengineer specificity, similar to in vitro scans.

Deep mutational scans have been effective in protein engineering studies and identifying

functionally relevant positions in residues and binding. However, epistasis plays a crucial role in protein

function, and deep mutational scans frequently reveal many deleterious variants and only a few

gain-of-function variants relative to a wild-type sequence. To overcome this limitation, various groups

have attempted to develop models of epistasis to leverage deep mutational scanning data to comprehend

higher-order mutations. These models are in their nascent stages of development and have yet to be

extensively used in studying protein function and employed in protein engineering, however. One possible

solution is to simply incorporate higher order variants in a mutational scanning library, as seen in a study

where all GB1 double variants were assessed in a deep mutational scan167. However, this approach

becomes impractical for even higher order variants and longer sequences due to the vastness of the

sequence space. Therefore, it is likely that computational models of variant effect will be utilized to predict

higher order variants from deep mutational scanning data to create a more comprehensive variant effect

map.

Nevertheless, deep mutational scans have identified specificity-determining positions, extended

activity networks, and distal residues that increase binding affinity. However, a recurring constraint of

https://paperpile.com/c/MHlDAB/rP4tT
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deep mutational scans is that they only describe variant effects but not the mechanism underlying the

variant effect. For example, loss of activity can arise through the loss of catalytic residues, substrate

affinity, or misfolding of the active site. As a result, trends revealed by deep mutational scans often appear

to follow canonical rules of protein folding and activity, rather than revealing new mechanistic insights. To

overcome this limitation, deep mutational scans should involve multiple phenotypes, such as in recent

work on ddPCA168. This approach will help answer the question of how variants alter stability, binding, and

function, enabling us to gain a deeper understanding of protein function from deep mutational scans

beyond the current understanding of protein folding and function.

In Chapter 3, I employ deep mutational scanning to investigate the molecular determinants

underlying the Hsp90 chaperoning of its client proteins169. Specifically, this study examined changes in the

activity of the model Hsp90 client, Src kinase, following Hsp90 inhibition. The results revealed that the

disengagement of Src's regulatory elements was not sufficient to drive Hsp90 dependence, contrary to

the conventional wisdom in the field. Conformational flexibility also contributed to increased Hsp90

dependence, with variations at two key structural hotspots in the catalytic domain, the αF pocket and the

β1-β2 strands, meeting the two criteria. The discovery of these structural regions represents the first

identification of Hsp90-dependent sites in a client kinase.

It should be noted that Src is just one of the many Hsp90 clients, and the overexpression and

hyperactivity of Src in numerous cancers are typically driven by other signaling molecules that activate

Src, such as EGFR and HER2170. Therefore, the natural extension of this work would be to investigate

whether variations in the αF pocket and the β1-β2 strands in other kinase families also give rise to

increased Hsp90 dependence. Interestingly, one variant in the αF pocket of EGFR has been previously

reported to increase Hsp90 dependence144. These studies need not undertake a full deep mutational scan

of the entire catalytic domain, as conducted in this study. Instead, a small library focused on the identified

structural hotspots in each kinase can be screened for Hsp90 dependence. These scans, combined with

the current findings, might yield a more generalized model of Hsp90 recognition of client kinases, allowing

for the prediction of Hsp90 dependence from only a protein's primary sequence. This could inform the

design of cancer therapeutics targeting oncogenic kinases by inhibiting Hsp90 binding of the extended

conformation. A conformation-specific inhibitor of kinases could overcome the dose-limiting toxicity

https://paperpile.com/c/MHlDAB/EbpLs
https://paperpile.com/c/MHlDAB/EgGGP
https://paperpile.com/c/MHlDAB/sSZNE
https://paperpile.com/c/MHlDAB/MeRqs
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limitations that have been faced by Hsp90 inhibitors. Furthermore, this work could provide a more

comprehensive and contextual understanding of Hsp90 function in chaperoning kinases as well as an

experimental framework for further study of the diverse world of Hsp90 clients.
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Supplementary figures

Supplementary Figure 1. Dose response of yeast expressing SrcWT, E381K, and empty vector. Error
bars represent the standard deviation of n=3 biological replicates.
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Supplementary Figure 2. (A) Individually measured growth rates of variants with large negative or
positive client scores. Error bars represent n=3 biological replicates. (B) Variants with client scores greater
than two standard deviations away from the mean synonymous client score are also loss of function
variants (loss of function threshold is represented by the dashed line).
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Supplementary Figure 3. (A) Src CD (PDB ID:1Y57) colored by average predicted client ΔΔG at each
position. (B) Global correlation between ΔΔG and measured client score shows limited correlation of R =
0.22. (C) Correlations between client score and ΔΔG at the 8 positions with the lowest average ΔΔG
(blue) and the highest average ΔΔG (red) show that changes in ΔΔG account for little variability in Hsp90
dependence.
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Supplementary Figure 4. (A) Src CD (PDB ID:1Y57) colored by average client ΔhSASA at each position.
(B) Global correlation between ΔhSASA and measured client score shows limited correlation of R = -0.14.
(C) Correlations between client score and ΔhSASA at the 8 positions with the lowest average ΔhSASA
(blue) and the highest average ΔhSASA (red) show that changes in ΔhSASA account for little variability in
Hsp90 dependence.
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Supplementary Figure 5. (A-I) Representative blots showing time-dependent analysis of Src protein
remaining following thermolysin treatment. c-Src is used to denote SrcWT. Src levels were quantified by a
C-terminus binding antibody, with the lower band representing Src following cleavage of the SH4- and
Unique domains by thermolysin.
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Supplementary Figure 6. Relative thermolysin half-lives of Src variants expressed in HEK293T cells and
purified by binding to dasatinib beads. W285T is a compact conformation control and E283D is an
extended conformation control. P-values are the result of two-tailed t-tests with n ≥ 3.
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Supplementary Figure 7. Structure of Cdk4-Cdc37-Hsp90 (Verba 2016), with homologous hotspot
positions (orange) highlighted on the kinase domain of Cdk4 (blue).
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Supplemental Figure 8. Structure of c-Src (PDB ID: 2SRC) shown with αF pocket (green) and β1-β2
strands (blue) highlighted. SH2 domain (red) and SH3 domain (yellow) are bound to the kinase domain in
the closed conformation of c-Src.



87

Supplementary Tables

Functional element Model system Assay type DOI

IgG Yeast Stability 10.1016/j.jmb.2012.07.017

Pab1 Yeast Stability 10.1261/rna.040709.113

Yeast degron Yeast Stability 10.1074/mcp.O113.031708

Transmembrane segment Bacteria Stability 10.7554/eLife.12125

Env HIV Stability, binding 10.1371/journal.ppat.1005988

Env HIV Stability, binding, activity 10.1371/journal.ppat.1006114

M segment Influenza Stability 10.1186/s12864-015-2358-7

env 293FT Stability, binding, activity 10.1128/JVI.00804-16

Fis1p Yeast Stability 10.1534/genetics.116.196428

NP Virus Stability, binding, activity 10.1371/journal.ppat.1006288

TEM-1 BL, LGK Yeast, Bacteria Stability 10.1073/pnas.1614437114

TP53 synonymous HEK293T Stability 10.1158/1541-7786.MCR-17-0245

PTEN + TPMT human Stability 10.1038/s41588-018-0122-z

MS2 phage capsid MS2 Stability 10.1038/s41467-018-03783-y

Env Human/HIV Stability, binding, activity 10.7554/eLife.34420

adenylate kinase E.coli Stability 10.1093/nar/gky255

amyloid beta 42 Yeast Stability 10.1534/g3.119.400535

TDP-43 Yeast Stability 10.1038/s41467-019-12101-z

Zika envelope Human/Zika Stability, binding 10.1128/JVI.01291-19

pyrrolidine ketide synthase,
levoglucosan kinase E.coli Stability 10.1021/acssynbio.8b00486

SCN5A Stability, binding, activity 10.1161/CIRCGEN.119.002786

rhodopsin HEK293T Stability 10.1002/humu.23762

Zika envelope Zika Stability 10.1038/s41564-019-0399-4
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AmiE E.coli Stability 10.1093/molbev/msz184

Env Human Stability, binding 10.3390/v11050439

GB1 Stability 10.1073/pnas.1903888116

PilE Stability, binding 10.15252/embj.2019102145

LINE-1 Stability 10.1534/genetics.119.302601

AAV2 capsid AAV Stability 10.1126/science.aaw2900

HLA-A*02:01 Expi293F Stability 10.1073/pnas.1915562116

AK Stability 10.1093/protein/gzaa012

SARS-CoV-2 spike yeast Stability, binding 10.1016/j.cell.2020.08.012

NUDT15 HEK293T Stability 10.1073/pnas.1915680117

CYP2C9, CYP2C19 HEK293T Stablity 10.1111/cts.12758

DHFR E.coli Stability 10.7554/eLife.53476

LamB E.coli Stability, activity 10.1099/mgen.0.000364

VKOR HEK293T Stability 10.7554/eLife.58026

alpha-synuclein Yeast Stability 10.1038/s41589-020-0480-6

rhodopsin HEK293T Stability 10.1126/sciadv.aay7505

T1R2 Expi293F Stability 10.1074/jbc.RA118.006173

LipA Stability 10.1021/acs.jcim.9b00954

env Macaque Stability, binding 10.3390/v12020241

KCNH2 HEK293T Stability 10.1016/j.hrthm.2020.05.041

NUDT15 HEK293T Stability 10.1073/pnas.1915680117

CYP2C9
Yeast and
HEK293T Stability, activity 10.1016/j.ajhg.2021.07.001

chymotrypsin inhibitor 2 E.coli Stability 10.1038/s42003-021-02490-7

Rhodopsin HEK293T Stability 10.1016/j.jbc.2021.101359

Capsid Stability 10.7554/eLife.64256

APP Stability 10.7554/eLife.63364

AAV2 capsid AAV Stability 10.1038/s41587-020-00793-4

SLCO1B1 HEK293T Stability 10.1124/dmd.120.000264

PTEN HEK293T Stability 10.1186/s13073-021-00984-x

KCNH2 HEK293T Stability 10.1016/j.ajhg.2022.05.003
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CD86 HeLa Stability 10.1016/j.jbc.2021.100900

Kir2.1 HEK293T Stability 10.7554/eLife.76903

Table 2.1. Deep mutational scans measuring variant stability.
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Functional element Model system Assay type DOI

VH domain Phage Binding 10.1074/jbc.M708536200

WW domain Phage Binding 10.1038/nmeth.1492

BH3 Yeast Binding 10.1016/j.jmb.2010.03.058

Synthetic PDZ domain Phage Binding 10.1039/c0mb00061b

IgG Phage Binding 10.1073/pnas.1111218108

PSD95 PDZ Bacteria Binding 10.1038/nature11500

Neurotensin receptor 1
GPCR E.coli Binding 10.1073/pnas.1202107109

Designed influenza binder Yeast Binding 10.1038/nbt.2214

WW domain Phage Binding 10.1073/pnas.1209751109

Fab antibody fragment in vitro Binding 10.1016/j.bbrc.2012.10.066

IgG Human cells Binding 10.4161/mabs.24979

Ubiquitin Phage Binding 10.1126/science.1230161

PKA RII Phage Binding 10.1074/jbc.M112.447326

Designed protein binder Yeast Binding 10.1016/j.jmb.2013.06.035

Designed digoxigenin binder Yeast Binding 10.1038/nature12443

Gal4 Yeast Binding 10.1038/nmeth.3223

Ubiquitin Yeast Binding 10.1016/j.jmb.2014.05.019

ARRB1 E. coli Binding 10.1073/pnas.1319402111

Hemagglutinin Influenza Binding 10.7554/eLife.03300

GB1 mRNA display Binding 10.1016/j.cub.2014.09.072

Designed IgG Yeast Binding 10.1073/pnas.1313605111

TNF;PTxS2;TROP2 Yeast Binding 10.1074/jbc.M115.676635

BH3 Yeast Binding 10.1016/j.jmb.2014.09.025

PrP Yeast Binding 10.1016/j.jmb.2014.10.024

PhoQ Bacteria Binding 10.1126/science.1257360

IgG CDR Phage Binding 10.1074/jbc.M115.662783

ParD Bacteria Binding 10.1016/j.cell.2015.09.055
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CcdB, DgkA Bacteria Binding 10.7554/eLife.09532

VWF Phage Binding 10.1073/pnas.1511328112

dockerin Yeast Binding 10.1002/prot.25175

Env HIV Stability, binding 10.1371/journal.ppat.1005988

CD40, TANK Bacteria Binding 10.1002/pro.2881

eOD-GT6 (immunogen) Yeast Binding 10.1126/science.aad9195

TCR Yeast Binding 10.1074/jbc.M116.748681

scFV antibody Yeast Binding 10.7554/eLife.23156

HA Yeast Binding 10.1371/journal.pone.0164296

lac repressor Bacteria Binding 10.1038/nmeth.3696

Env HIV Stability, binding, activity 10.1371/journal.ppat.1006114

GB1 mRNA display Binding 10.7554/eLife.16965

env 293FT Stability, binding, activity 10.1128/JVI.00804-16

Ras Bacteria Binding 10.7554/eLife.27810

NP Virus Stability, binding, activity 10.1371/journal.ppat.1006288

IgG Phage Binding 10.1073/pnas.1613231114

Cyclic peptide Yeast Binding 10.1074/jbc.M116.764225

ancestral RH Yeast Binding 10.1038/nature23902

IgG heavy chain Phage Binding 10.1080/19420862.2017.1337618

HA Influenza Binding 10.1371/journal.ppat.1006271

Env HIV Binding 10.1016/j.chom.2017.05.003

HA RBS Human cells Binding 10.1016/j.chom.2017.05.011

BBSome yeast Binding 10.1038/nmeth.4464

CXCR4, CCR5 Expi293F Binding 10.4049/jimmunol.1800343

TP53 HEK293T Binding 10.1016/j.molcel.2018.06.012

Ste12 Yeast Binding 10.1073/pnas.1805882115

Env Human/HIV Stability, binding, activity 10.7554/eLife.34420

CDR
PnP hybridoma
cells Binding 10.1093/nar/gky550

EGFR E.coli Binding, activity 10.1073/pnas.1803598115

PDZ Bacteria Binding 10.7554/eLife.34300
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APPI Yeast Binding 10.1038/s41467-018-06403-x

canine nerve growth factor Yeast Binding 10.1002/bit.26706

AP-1 Yeast Binding 10.7554/eLife.32472

env SupT1.CCR5 Binding 10.1371/journal.ppat.1007159

env
C6/36, A549,
hCMEC/D3 Binding 10.1016/j.isci.2018.02.005

RAF E.coli Binding 10.1021/acschembio.9b00669

Zika envelope Human/Zika Stability, binding 10.1128/JVI.01291-19

SCN5A Stability, binding, activity 10.1161/CIRCGEN.119.002786

Env HIV Binding 10.1016/j.immuni.2018.12.017

matrix protein
Human/influenza
A Binding 10.1128/JVI.00161-19

PB2 Influenza Binding 10.7554/eLife.45079

Proliferation-inducing ligand Yeast Binding 10.1002/jmr.2778

CD19 Yeast Binding 10.1021/acs.molpharmaceut.9b00418

Env Expi293F Binding 10.1128/JVI.00219-19

IgG Fv targeting lysozyme Yeast Binding 10.1371/journal.pcbi.1007207

Env Human Stability, binding 10.3390/v11050439

TP53 K562, MOLM13 Binding 10.1126/science.aax3649

HA Binding 10.7554/eLife.49324

CI Binding 10.1038/s41467-019-11735-3

PilE Stability, binding 10.15252/embj.2019102145

SARS-CoV-2 spike yeast Stability, binding 10.1016/j.cell.2020.08.012

PSD95 PDZ E.coli Binding 10.1002/prot.26067

ACE2 Expi293F Binding 10.1126/science.abc0870

IgG Yeast Binding 10.1080/19420862.2020.1803646

basigin Yeast Binding 10.1002/prot.25786

env Macaque Stability, binding 10.3390/v12020241

Hsp90 Yeast Binding 10.7554/eLife.53810

237-CAR Binding 10.1073/pnas.1920662117
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PDGFRA Binding 10.1371/journal.ppat.1008647

ParB Binding 10.1016/j.celrep.2020.107928

Spike Yeast Binding 10.1016/j.chom.2020.11.007

PHO4 Yeast Binding 10.1016/j.cels.2020.11.012

Polymerase sliding clamp
and clamp loader Phage Binding, activity 10.7554/eLife.66181

bnAbs Yeast Binding 10.7554/eLife.71393

Spike HEK293T Binding 10.1016/j.molcel.2021.11.024
Table 2.2. Deep mutational scans measuring variant binding.
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Functional element Model system Assay type DOI

Hsp90 Yeast Activity 10.1073/pnas.1016024108

Ccdb E.coli Activity 10.1016/j.str.2011.11.021

Neuraminidase Human/H1N1 Activity 10.1128/JVI.01658-12

M.HaeIII E.coli Activity 10.1371/journal.pgen.1003882

TEM1 Beta-lactamase E.coli Activity 10.1016/j.jmb.2012.09.014

E4B Phage Activity 10.1073/pnas.1303309110

Ubiquitin Yeast Activity 10.1016/j.jmb.2013.01.032

Hsp90 Yeast Activity 10.1371/journal.pgen.1003600

Hsp90 Yeast Activity 10.1111/evo.12207

BRAF V600E Human Activity 10.1111/pcmr.12171

TEM1 Beta-lactamase E.coli Activity 10.1073/pnas.1215206110

TEM-1 BL Bacteria Activity 10.1093/molbev/msu081

influenza nucleoprotein Human/H1N1 Activity 10.1093/molbev/msu173

APH(3')II Bacteria Activity 10.1093/nar/gku511

HA Activity 10.1038/srep04942

AID E.coli Activity 10.1093/nar/gku689

NS4B

Human cell
culture
(Huh-7.5.1) Activity 10.1371/journal.ppat.1004064

flavin mononucleotide
binding fluorescent protein E.coli Activity 10.1371/journal.pone.0097817

DBR1 Hap1 Activity 10.1038/nature13695

HIV genome HIV Activity 10.1186/s12977-014-0124-6

NS1 HEK293T, A549 Activity 10.1128/JVI.01494-14

BRCA1 Yeast, Phage Activity 10.1534/genetics.115.175802

TEM1 B-lactamase E.coli Activity 10.1016/j.cell.2015.01.035

Nucleoproteins Influenza Activity 10.1093/molbev/msv167

M.HaeIII Bacteria Activity 10.1371/journal.pcbi.1004421
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Hsp90 Yeast Activity 10.1093/molbev/msu301

Bgl2
Bacteria/microflu
idic droplets Activity 10.1073/pnas.1422285112

LGK E.coli Activity 10.1021/acssynbio.5b00131

ACD-1 Bacteria Activity 10.1128/AEM.03074-15

Polymerase PA Influenza Activity 10.1371/journal.pgen.1005310

Hsp90 Yeast Activity 10.1016/j.celrep.2016.03.046

GFP Bacteria Activity 10.1038/nature17995

TEM1 Beta-lactamase E.coli Activity 10.1016/j.jmb.2016.04.033

Mapk1/Erk2 Human Activity 10.1016/j.celrep.2016.09.061

Ubiquitin Yeast Activity 10.7554/eLife.15802

CcdB E.coli Activity 10.1093/molbev/msw182

PPARG Human cells Activity 10.1038/ng.3700

RNAPII trigger loop Yeast Activity 10.1371/journal.pgen.1006321

Hemagglutinin Influenza Activity 10.3390/v8060155

Env HIV Stability, binding, activity 10.1371/journal.ppat.1006114

neuraminidase (NA) Influenza Activity 10.1016/j.jmb.2015.11.027

Tat, Rev HIV Activity 10.1016/j.cell.2016.11.031

env 293FT Stability, binding, activity 10.1128/JVI.00804-16

UBE2I, SUMO1, TPK1,
CALM1-3 yeast Activity 10.15252/msb.20177908

GFP N-terminal codon
Human cell lines
(HEK293T) Activity 10.1093/nar/gkx183

Cas9 Bacteria Activity 10.1038/s41598-017-17081-y

NP Virus Stability, binding, activity 10.1371/journal.ppat.1006288

IGPS Yeast Activity 10.1038/ncomms14614

BCR-ABL Ba/F3 cells Activity 10.1073/pnas.1708268114

amiE E.coli Activity 10.1038/ncomms15695

Gcn4 Yeast Activity 10.1016/j.cels.2018.01.015

PTEN Yeast Activity 10.1016/j.ajhg.2018.03.018

TP53 human Activity 10.1038/s41588-018-0204-y

BRCA1 human Activity 10.1016/j.ajhg.2018.07.016
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BRCA1 HAP1 Activity 10.1038/s41586-018-0461-z

Env Human/HIV Stability, binding, activity 10.7554/eLife.34420

tetracycline inactivating
enzyme Yeast Activity 10.1021/acssynbio.8b00121

EGFR E.coli Binding, activity 10.1073/pnas.1803598115

Ubiquitin Yeast Activity 10.1242/bio.036103

H1 hemaglutinin Influenza Activity 10.1038/s41467-018-03665-3

HA Virus Activity 10.1073/pnas.1806133115

HA Influenza Activity 10.7554/eLife.38795

PPAT E.coli Activity 10.1126/science.aao5167

GmR E.coli Activity 10.1371/journal.pgen.1007419

Lysine metabolic pathway Bacteria Activity 10.15252/msb.20188371

HA Human/infulenza Activity 10.1016/j.jmb.2018.02.009

Sox17, Sox2 OG2-MEF Activity 10.1016/j.stemcr.2018.07.002

Src Yeast Activity 10.1016/j.molcel.2019.02.003

SCN5A Stability, binding, activity 10.1161/CIRCGEN.119.002786

Kod DNA polymerase E.coli Activity 10.1021/acssynbio.9b00104

HIV-1 Vif Human cells Activity 10.1016/j.celrep.2019.09.057

IGPD Yeast Activity 10.1371/journal.pgen.1008079

GDH (GudB) Bacillus subtilis Activity 10.1038/s41564-019-0412-y

RPL28 Yeast Activity 10.1021/acssynbio.8b00529

TEM-1 Activity 10.1016/j.jmb.2019.04.030

CBS Yeast Activity 10.1186/s13073-020-0711-1

MPL Ba/F3 cells Activity 10.1182/blood.2019002561

alpha-synuclein Yeast Activity 10.1021/acschembio.0c00339

LamB E.coli Stability, activity 10.1099/mgen.0.000364

VIM-2 lactamase E.coli Activity 10.7554/eLife.56707

TEM-1 BL E.coli Activity 10.1073/pnas.1918680117

Human and Rhesus TRIM5α
v1 Loop CRFK Activity 10.7554/eLife.59988

HA Influenza Activity 10.1126/science.aaz5143
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CDK4, CDK6 Human cells Activity 10.1038/s41594-019-0358-z

rpoB E.coli Activity 10.15252/msb.20199265

ADRB2 HEK293T Activity 10.7554/eLife.54895

HA Influenza Activity 10.1038/s41467-020-15102-5

Kod DNA polymerase E. Coli Activity 10.1021/acssynbio.0c00236

HIV-1 protease Activity 10.1371/journal.pgen.1009009

CARD11 TMD8 Activity 10.1016/j.ajhg.2020.10.015

MTHFR Yeast Activity 10.1016/j.ajhg.2021.05.009

MSH2 HAP1 Activity 10.1016/j.ajhg.2020.12.003

CYP2C9
Yeast and
HEK293T Stability, activity 10.1016/j.ajhg.2021.07.001

HSP90 Yeast Activity 10.1093/molbev/msaa211

PAI-1 Phage Activity 10.1038/s41598-021-97871-7

Polymerase cliding clamp
and clamp loader Phage Binding, activity 10.7554/eLife.66181

biosensors Activity 10.1021/acschembio.1c00423

ProQ Salmonella Activity 10.1261/rna.078954.121

HokC E.coli Activity 10.3390/ijms221910359

GFP E.coli Activity 10.7554/eLife.75842

CASP3, CASP7 Activity 10.1038/s41420-021-00799-0

ADAR2 HEK293FT Activity 10.7554/eLife.75555

7 transcriptional activation
domains within VP16,
CITED2, HIF1A, P65,
STAT3, P53 (2) K562 Activity 10.1016/j.cels.2022.01.002

Mpro Yeast Activity 10.7554/eLife.77433

BRACA1-BRCT HeLa Activity 10.1016/j.ajhg.2022.01.019

Table 2.3. Deep mutational scans measuring variant activity
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Class n variants n clients

374 Adjacent 17 0

375 Adjacent 15 0

376 Adjacent 13 0

377 Adjacent 16 1

378 ɑF pocket 13 1

379 Adjacent 18 0

380 Adjacent 17 0

381 ɑF pocket 9 7

382 Adjacent 14 0

383 Adjacent 8 0

384 Adjacent 16 0

385 Adjacent 13 0

386 Adjacent 18 0

441 Adjacent 20 0

442 Adjacent 19 0

443 ɑF pocket 18 3

444 ɑF pocket 19 8

445 Adjacent 20 0

446 Adjacent 6 0

447 Adjacent 16 0

448 Adjacent 7 0

503 Adjacent 19 0

504 Adjacent 11 1

505 Adjacent 20 0

506 ɑF pocket 19 2

507 Adjacent 16 1

508 ɑF pocket 20 1

509 Adjacent 20 0

510 Adjacent 11 0

511 ɑF pocket 16 3

512 ɑF pocket 19 6
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513 Adjacent 18 1

514 Adjacent 11 0

515 Adjacent 20 0

516 Adjacent 14 1

Supplementary Table 3.1. List of αF pocket positions and positions with 7 angstroms of any αF pocket
positions with corresponding variants measured at each position and functionally dependent clients
identified at each position.
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Class n variants n clients

271 Adjacent 11 0

272 Adjacent 0 0

273

β1-β2 strand

hotspot 12 3

274

β1-β2 strand

hotspot 14 3

275

β1-β2 strand

hotspot 13 1

276 Adjacent 8 0

277 Adjacent 13 0

278 Adjacent 19 0

279 Adjacent 15 0

282 Adjacent 12 0

283

β1-β2 strand

hotspot 10 2

284 Adjacent 18 0

285

β1-β2 strand

hotspot 18 5

286

β1-β2 strand

hotspot 20 0

287 Adjacent 19 1

295 Adjacent 13 0

296 Adjacent 11 0

297 Adjacent 14 0

298 Adjacent 14 0

299 Adjacent 18 2

300 Adjacent 20 0

343 Adjacent 2 1

Supplementary Table 3.2. List of β1-β2 hotspot positions and positions with 7 angstroms of any αF
pocket positions with corresponding variants measured at each position and functionally dependent
clients identified at each position.
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Region Total clients Total variants Coverage Median Positions

ɑF pocket 31 133 0.83125 -0.282282

[378, 381, 443,

444, 506, 508,

511, 512]

β1-β2 strand

hotspot 14 87 0.725 0.05177909

[273, 274, 275,

283, 285, 286]

SH2 interface 1 49 0.81666667 0.03911715 [325, 368, 375]

SH3 interface 1 78 0.975 0.26946102

[289, 290, 291,

293]

Supplementary Table 3.3. List of regulatory regions that extend the global conformation of Src
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