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DISSERTATION ABSTRACT 

Anneliese Jaehne Morrison 

Doctor of Philosophy 

Department of Chemistry and Biochemistry 

December 2021 

Title: Molecular Foundations of Accessibility in Genotype-Phenotype Maps 

How do the biochemical properties of proteins shape evolution? Addressing this 

question is central to solving issues facing humanity, from rapidly evolving antibacterial 

and pesticide resistant organisms to achieving predictive protein engineering. Although 

advancements in sequencing and screening methodologies have made functional 

characterization of millions of mutations plausible, a predictive understanding of how 

proteins evolve is still lacking. Understanding how proteins evolve requires detailed 

knowledge of the map evolution navigates—the genotype-phenotype map—and where 

major sources of unpredictability, such as epistasis, come from.  The genotype-phenotype 

map is determined by universal physical and biochemical rules. These rules dictate how 

macromolecules fold into functional forms, how components in regulatory networks 

interact, and how organism respond to environmental fluctuations. This defines what is––

and is not––accessible to evolution. In this dissertation, we address two factors that shape 

evolutionary accessibility in proteins: 1) how epistasis can arise from the thermodynamic 

ensemble of macromolecules and 2) how the distribution of protein function in genotype-

phenotype maps facilitates the evolution of new functions.  

This dissertation includes previously published and unpublished material. 
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CHAPTER I 

INTRODUCTION 

Macromolecules are the fundamental building blocks of biology. DNA encodes 

the information necessary to build organisms, acting as a blueprint, while proteins and 

RNA execute the processes required to sustain life. Proteins, in particular, play incredibly 

diverse roles––from the catalysis of reactions during metabolism to molecular recognition 

of pathogens during the innate immune response and ion transport during the 

transmission of nerve impulses in the nervous system.  

This rich functional diversity arose from the accumulation of changes to the 

amino acid sequences of proteins. An amino acid sequence encodes the three-dimensional 

structure, biophysical and biochemical properties, and function of a protein under a given 

set of environmental conditions. Changes to an amino acid sequence, called mutations, 

can often be directly mapped to changes in the biochemical properties of a protein, its 

function and, in some cases, changes in the morphological, developmental, or 

physiological properties of an organism. For example, a single mutation in the influenza 

neuraminidase protein weakens its ability to bind to the antiviral drug oseltamivir, 

conferring drug resistance1. Amino acid changes also underlie many genetic diseases in 

humans––from sickle cell anemia to cystic fibrosis2.  
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Often, more than just a single amino acid change is required to alter function. 

Despite intense interest across disciplines––from evolutionary biologists to biophysicists 

and protein engineers––a predictive understanding of how multiple mutations, together, 

encode structural and functional changes is still lacking. Understanding how mutations 

map to functional changes is critical to uncovering the molecular mechanisms that 

underlie macroscopic biological phenotypes, predicting the evolution of new functions 

such as antibiotic and pesticide resistances, and designing proteins with desirable 

functions.  To achieve such a predictive understanding of biology and evolution, we must 

have detailed knowledge of how mutations map to molecular level properties and where 

key sources of unpredictability in this mapping arise. 

The rules of biochemistry determine accessibility in the genotype-phenotype map 

How do the molecular properties of proteins influence the accessibility of one 

function from another? Understanding the determinants of accessibility requires 

knowledge of the mapping between amino acid sequence space and protein function. 

Sequence space contains the set of all possible amino acid sequences (genotypes). The 

“rules” set by biochemistry and biophysics determine the distribution of function in 

sequence space. This distribution strongly determines what genotypes are, and are not, 

accessible from a given point in sequence space. 

A simple word game can be used to illustrate the relationship between the 

genotype-phenotype map and accessibility. Imagine transforming from WORD to GENE 

by sequentially changing single letters from those in WORD to those in GENE. 

Meaningful English words are viable, while nonsense words are not. Accessibility of 

GENE from WORD requires a connected path of adjacent viable words. In word space, 
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the distribution of word meaningfulness and connections between them strongly shapes 

accessible paths from WORD to GENE3 (Fig 1.1).  

Fig 1.1 John Maynard Smith’s word game: an analogy for understanding how the 

mapping between protein sequence and function shapes the accessibility of new 

functions. A) An illustration of John Maynard Smith’s word game between WORD 

(black) and GENE (blue)3. Transparent intermediate words are non-meaningful, while 

fully opaque words are meaningful. Connections that lead to/from non-meaningful words 

are greyed out, while those that connect meaningful words are black. 

Analogously to the word space in Fig 1.1, protein sequence space can be 

imagined as the set of intermediate genotypes between two sequences, and we can map 

functional properties onto each genotype. Proteins that function at or above some 

threshold (i.e., for viability or function) are connected to viable genotypes a single 

mutation away. Sequences with function below the threshold are disconnected. There are 

also sequences that are functionally viable but not accessible because they are surrounded 

by inviable sequences (see “WEND” in Fig 1.1). Connected sets of sequences form 

networks of sequences that are accessible from one another. Because evolutionary 

trajectories can only traverse connected functional sequences, the distribution of function 
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is a primary determinant of what is possible and impossible for biology and the protein 

evolution. 

What is the distribution of function in real protein sequence space? This has 

traditionally been a difficult question for experimentalists to answer because sequence 

space is inherently vast. In fact, for a very small 100 amino acid protein the number of 

possible protein sequences in sequence space (20100 ~ 1.3 × 10130) is far greater than the

number of atoms in the universe4.  

Two main approaches have been taken to study protein sequence space by 

effectively “shrinking” it to an experimentally tractable size. In one approach, sequence 

space is sparsely sampled via mutational scanning, directed or experimental evolution 

experiments5,6. These methods yield global information about the mapping between 

genotype and function, but the resolution is limited by the nature of sparse sampling. 

Another approach overcomes this limitation by completely characterizing a relatively 

small volume of sequence space (i.e. all combinations of 9 mutations: 29 = 512 

genotypes)5,7,8. In this approach, the function of all combinations of a small set of 

mutations is measured, leading to a high-resolution picture of the mapping between 

genotype and function. Though higher resolution than the first approach, the second 

approach is severely limited by the volume of sequence space that can be characterized 

using current experimental methods. This has led to conclusions about the nature of 

accessibility in proteins sequence space that may not hold for transitions in function that 

required navigating much larger volumes of sequence space.   

Both approaches have overwhelmingly concluded that intramolecular epistasis 

tends to constrain the distribution of function in sequence space9–20. Epistasis occurs 
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when the effect of a mutation depends on the presence or absence of other mutations10,20–

22. Epistasis makes it incredibly difficult to predict the effects of two mutations when

introduced in combination.  This, in turn, makes it difficult to understand the mapping 

between genotype and phenotype. Ultimately, this makes protein evolution deeply 

unpredictable, as past mutations influence the effects of future mutations11,12,14,15,18–20,22–

34.  

To build a predictive understanding of protein biochemistry and the evolution of 

new functions, we must understand 1) the mechanistic origins of epistasis and 2) what the 

distribution of function looks like in large volumes of protein sequence space and how 

that influences accessibility. 

Epistasis is a ubiquitous feature of proteins that can arise from basic protein 

biochemistry 

Epistasis was first defined in 1909 by Bateson who was describing the 

dependence of the fitness effects of mutations on the genetic background in which they 

occurred22,35. Later, Fisher defined it as a statistical deviation from the additive 

combination of two mutations36. Since it was originally defined, it has been revealed as a 

ubiquitous feature of biology, including proteins10,21,22,24,34.  Epistatic interactions within 

proteins and other macromolecules have been particularly well-studied for an extensive 

range of phenotypes––from thermodynamic stability to substrate specificity, allostery, 

function, and bacterial fitness12,14,15,18,24,30,37–45. Such epistasis impairs our ability to 

understand how sequence changes map to function, imparting unpredictability to our 

efforts identify the key factors that shape protein evolution and to engineer proteins with 

desirable functions10,12,15,23,26,32,46–48.  
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Though exceedingly common, the specific molecular mechanisms that lead to 

epistasis are often unclear. However, in recent years an extensive effort has been put forth 

to uncover how epistasis arises from the biochemical properties of proteins and other 

macromolecules. Two classes of epistasis have emerged from such studies: nonspecific 

epistasis and specific epistasis24,49.  

Specific epistasis refers to mutations that impact a small number of other 

mutations, typically involving direct physical contact mechanisms (i.e., between other 

residues or ligands) or indirect mechanisms, where a mutation causes a structural change 

that influences the effect of another distantly located mutation15,24,42,44,49–51,51–55. For 

example, the evolution of glucocorticoid receptor ligand specificity was contingent upon 

the interaction between a network of two residues––one in direct contact with the new 

ligand and the second distant, but critical for repositioning the first residue such that it 

was able to contact the new ligand44. Such “specific” epistatic mechanisms are proposed 

to make evolution historically contingent on a small set of mutations, ultimately 

constraining evolution49. 

Nonspecific epistasis refers to mutations that additively impact some biophysical 

property of a protein (i.e., stability or ligand binding affinity) but non-additively impact a 

biological observable (i.e., expression level or fitness) due to the nonlinear mapping 

between the two properties1,24,39,47,49,56–58. One of the most well-studied mechanisms of 

such epistasis is stability-mediated epistasis where mutations accumulate that additively 

affect protein stability but exhibit epistasis at the level of function or fitness once 

destabilizing mutations accumulate such that the protein unfolds and becomes non-

functional1,12,14,59–63. Our knowledge of threshold epistasis has led not only to deeper 
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understanding of specific evolutionary trajectories but also to improving conventional 

practices in protein engineering, where proteins are pre-stabilized prior to introduction of 

function-altering mutations1,59,61,64,65. Nonspecific epistasis has been proposed to be less 

constraining than specific epistasis, perhaps even opening new pathways for adaptation 

towards new functions24,49.  

Increasing our understanding of the molecular sources of epistasis is key to 

improving prediction efforts and our knowledge of sequence-function relationships. 

Chapters II and III in this dissertation focus on using theory, computation, and 

experiment to formally define and test for a particular mechanism of nonspecific epistasis 

called “ensemble epistasis”.  Such ensemble epistasis arises as a consequence of the 

nonlinear mapping between an experimental observable and a universal property of 

macromolecules: the thermodynamic ensemble. Such thermodynamic ensembles are 

critical to disparate biological processes, such as signaling 66, catalysis and enzyme 

promiscuity 67–71, and molecular recognition 72,73, and can tune biological output in 

response to environmental changes 74. The pervasiveness of epistasis and ensembles in 

biology suggest that this may be a widespread mechanism of epistasis. 

Simple theoretical models indicate that conclusions from small genotype-phenotype 

maps may not be informative for larger transitions in function 

Many of the examples discussed above refer to small, low-dimensional genotype-

phenotype maps that largely conclude that the distribution of protein function is heavily 

constrained by epistasis, as it effectively reduces the number of accessible trajectories 

through sequence space5,8,19,75. Currently, less than 20 studies of combinatorially 

complete natural evolutionary sequence spaces exist—the largest of which studied all 
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evolutionary intermediates for a trajectory of 9 mutations (29 = 512 genotypes total)7,8,76. 

In a small sequence space, even a small number of non-functional proteins will 

drastically shrink the number of connection between genotypes and consequently, 

paths18,49,77,78. It is unclear if these properties persist in larger, biologically relevant 

spaces, where the evolution of new features often occurs.  

Theoretical studies have been able to access much greater volumes of sequence 

space. These studies predict that increasing the size of sequence space increases 

connectivity between genotypes in two ways: 1) vast sets of genotypes with nearly equal 

phenotypes span the entire space and 2) indirect paths—paths where substitutions are 

gained and lost—circumvent inaccessible direct paths79–88. Highly connected genotype 

networks and indirect paths may work together to facilitate evolutionary robustness—the 

ability to retain function in the face of mutation—as well as innovation, allowing 

evolution to avoid dead-ends14,80,83,84,87–93. Empirical studies of RNA and protein 

structure evolution have demonstrated evidence for vast genotype networks in sequence 

space91,93–97. Recent advances in high-throughput methodology has led to experimental 

support of indirect paths facilitating global accessibility, although these studies do not 

focus on naturally evolved features86.  

These studies suggest that evolution in high-dimensional sequence spaces may be 

much more relaxed; it may be able to navigate large volumes of connected sets of 

sequences without encountering evolutionary dead-ends and may be far less constrained 

by epistasis than currently appreciated. Because there is currently no experimental data 

for large combinatorially complete sequence spaces, it is unclear if natural protein 

evolution is highly constrained by epistasis, with very few available evolutionary 
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trajectories, or if it is more relaxed, with many connected neutral networks of viable 

sequences and many possible trajectories. 

Understanding how the distribution of function and epistasis work together to 

shape evolution in high-dimensional sequence spaces requires measuring a larger 

genotype-phenotype map than ever before. Chapter IV of this dissertation will begin to 

address this gap in knowledge by describing the experimental characterization of a 

natural evolutionary transition that occurred over 15 substitutions in fluorescence color in 

coral GFP-like proteins. 

Chapter-by-chapter break down 

Chapter II lays the formal mathematical and theoretical foundations of a particular 

mechanism of epistasis called “ensemble epistasis”. We used a simple analytical model 

and a virtual deep mutational scan to 1) determine the minimal necessary thermodynamic 

conditions under which we expect observe ensemble epistasis and 2) determine if it is a 

plausible mechanism of epistasis in a realistic model of proteins. We found that ensemble 

epistasis arises when three or more conformations are populated and when mutations 

have different effects on different conformations. Our virtual deep-mutational scan of the 

S100A4 protein in ROSETTA tested for the plausibility of satisfying these requirements 

in a more realistic model of proteins. We found that ensemble epistasis arises in 47% of 

the mutation pairs examined. We also found that it leads to all types of evolutionarily 

important classes of epistasis. The pervasive nature of ensemble epistasis in our dataset 

and the importance of ensembles in biology led us to conclude that ensemble epistasis is 

likely common in real biological systems. This chapter was published as an article in the 

journal Genetics and was co-authored with Daria Wonderlick and Prof. Michael J Harms. 
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An important consequence of the work in Chapter II was that it showed that one 

might test for ensemble epistasis by looking for effector-dependent patterns of epistasis. 

Chapter III shows the first experimental tests for ensemble epistasis by looking for 

effector-dependent epistasis in the lac repressor protein. We measured in vitro operator 

binding and in vivo gene expression for four mutant cycles of the lac repressor and found 

that signatures of ensemble epistasis are present in all mutant cycles. We used 

thermodynamic models to show how specific changes to the underlying ensemble result 

in specific epistatic patterns. We find that the signal for ensemble epistasis peaks under 

environmental conditions where many conformations are populated during biologically 

important functional transitions, here during induction. We conclude that ensemble 

epistasis is likely an extremely common mechanism of epistasis in real macromolecules 

that may be identified by measuring epistasis as a function of environmental changes 

such as effector or ligand concentration. This manuscript is currently in preparation and is 

co-authored with Prof. Michael J Harms. 

Chapter IV describes ongoing work to exhaustively characterize the genotype-

phenotype map for a transition in the fluorescence color of GFP-like proteins from 

Faviina corals53,98. We use simple theoretical simulations to illustrate that the nature of 

evolutionary trajectories in small genotype-phenotype maps may be distinct from those in 

large genotype-phenotype maps. Such considerations led us to the prediction that we may 

capture this distinction if we measure a 15-site map. We identified this natural 

evolutionary transition in fluorescence color that occurred over the course of 15 

substitutions, resulting in a map that is 96 times larger than any previously characterized 

genotype-phenotype map7. We developed a high-throughput sort-and-sequence protocol 
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that couples fluorescence activated cell sorting (FACS) with next-generation sequencing 

to characterize the library.  

In our first experimental replicates we were able to characterize the green and red 

fluorescence intensities of ~7% of the full map (3,676 out of 49,152 genotypes). We find 

that most of the map is green (~79%) or dead (~20%) and only a tiny fraction is red 

(~1.5%). We examined the extent of pairwise and third-order epistasis in all possible 

mutant cycles. We find that epistasis is extensive for both phenotypes and leads to all 

evolutionarily important classes of epistasis. We conclude that the feature of our 

subsampled map is consistent with the conclusions of other small genotype-phenotype 

maps: epistasis makes the landscape rugged, generally constraining accessibility. Future 

work will look at how the effects of epistasis and the extent of neutral networks shape the 

full, high-dimensional map. We anticipate that epistasis will have much less of an impact 

on accessibility as the sheer number of possible pathways and genotypes may generate 

extensive neutral networks, overwhelming epistatic effects.  
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CHAPTER II 

ENSEMBLE EPISTASIS: THERMODYNAMIC ORIGINS OF NON-ADDITIVITY 

BETWEEN MUTATIONS 

Author Contributions 

Anneliese Morrison and Michael Harms conceptualized the study and designed 

experiments. Michael Harms acquired funding for the study. Anneliese Morrison, Daria 

Wonderlick, and Michael Harms performed the experiments. Michael Harms 

administered the project. Anneliese Morrison and Daria Wonderlick analyzed the data. 

Anneliese Morrison constructed figures. Anneliese Morrison and Michael Harms wrote 

the manuscript. All authors read and approved the manuscript. 

Abstract 

Epistasis—when mutations combine non-additively—is a profoundly important aspect of 

biology. It is often difficult to understand its mechanistic origins. Here we show that 

epistasis can arise from the thermodynamic ensemble, or the set of interchanging 

conformations a protein adopts. Ensemble epistasis occurs because mutations can have 

different effects on different conformations of the same protein, leading to non-additive 

effects on its average, observable properties. Using a simple analytical model, we found 

that ensemble epistasis arises when two conditions are met: 1) a protein populates at least 
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three conformations and 2) mutations have differential effects on at least two 

conformations. To explore the relative magnitude of ensemble epistasis, we performed a 

virtual deep-mutational scan of the allosteric Ca2+ signaling protein S100A4. We found 

that 47% of mutation pairs exhibited ensemble epistasis with a magnitude on the order of 

thermal fluctuations. We observed many forms of epistasis: magnitude, sign, and 

reciprocal sign epistasis. The same mutation pair could even exhibit different forms of 

epistasis under different environmental conditions. The ubiquity of thermodynamic 

ensembles in biology and the pervasiveness of ensemble epistasis in our dataset suggests 

that it may be a common mechanism of epistasis in proteins and other macromolecules. 

Introduction 

Epistasis—when the effect of a mutation depends on the presence or absence of 

other mutations—is a common feature of biology. Epistasis can hint at biological 

mechanism 44,99–103, profoundly shape evolution, and complicate bioengineering that 

involves simultaneously introducing multiple mutations 32,46,48. It is therefore important to 

understand the general mechanisms by which epistasis can arise. Such knowledge will 

help us better understand biological systems, explain historical evolutionary trajectories, 

and improve models to predict the combined effects of mutations. 

One important class of epistasis is that which occurs between mutations within a 

single protein. The magnitude of such epistatic interactions, 𝜀, can be quantitatively 

described as shown in Fig 2.1A; it simply represents the difference in the effect of 

mutation a→A in the ab and aB backgrounds. Sometimes, such epistasis can be 

understood intuitively. In Fig 2.1B, epistasis arises because the positive charge of 

mutation a→A is adjacent to the negative charge of mutation b→B. Epistasis occurs as a 
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result of an electrostatic interaction between charged residues. Sometimes, however, 

epistasis can be difficult to rationalize. Fig 2.1C shows epistasis between two positions 

distant in the structure. Where does such epistasis come from? Can it be predicted from 

an understanding of protein biochemistry?  

We and others noted previously that the thermodynamic ensemble of a protein 

could potentially give rise to non-additive interactions between mutations 104,105. Proteins 

exist as ensembles of interchanging conformations, where the probability of seeing an 

individual conformation is determined by its relative energy. The functional output of a 

protein is averaged over the functional properties and populations of all individual 

ensemble conformations 70,106,107. Mutations can have different effects on each 

conformation, redistributing their relative probabilities in a nonlinear fashion. The effects 

of such mutations with respect to an observable would not sum additively, leading to 

ensemble epistasis. 

Many important questions about ensemble epistasis remain unanswered. Under 

what conditions is ensemble epistasis expected to arise? Can it lead to different classes of 

evolutionarily-relevant epistasis, i.e. magnitude, sign, reciprocal-sign, and high-order? Is 

it plausible that such epistasis could occur in a real protein, rather than the highly 

simplified lattice models we used previously? And, finally, are there signals for ensemble 

epistasis that one might detect experimentally? 

To address these questions, we set out to rigorously describe the thermodynamic 

and mechanistic basis for ensemble epistasis. We identified the minimal set of conditions 

that are necessary to observe ensemble epistasis: 1) a protein populates three or more 

conformations and 2) mutations have differential effects on two or more conformations 
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within the ensemble. We found that this can lead to many types of epistasis, including 

magnitude, sign, reciprocal sign, and high-order epistasis. From structure-based 

calculations on the allosteric S100A4 protein, we predict that a large fraction of mutant 

pairs in real proteins will exhibit ensemble epistasis. We also found that varying the 

concentration of allosteric effectors could tune epistasis, suggesting one might 

experimentally detect ensemble epistasis by measuring epistasis at different 

concentrations of allosteric effectors. We conclude that ensemble epistasis is likely an 

important determinant of non-additivity between mutations in proteins. 

Figure 2.1 Mechanistic and mathematical descriptions of epistasis. A) The 

mathematical description of epistasis (𝜀) in ligand binding free energy (∆𝐺𝑜𝑏𝑠) for the

mutant cycle between genotypes ab and AB. ∆𝐺𝑜𝑏𝑠 measures the strength of the binding

interaction between protein (gray) and ligand (orange). We indicate genotypes as 

superscripts. 𝜀 is defined as the difference in the effect of mutation a→A in the aB 

background (red text), versus its effect in the ab background (blue text). B) Mutant cycle 

where epistasis is readily understood: the a→A and b→B mutations introduce charges into 

the hydrophobic core, destabilizing the protein and disrupting binding of the orange 

square. Mutations a→A and b→B lead to a new electrostatic interaction when introduced 

together (minus and plus signs) restoring stability and binding. C) Mutant cycle with 

difficult-to-understand epistasis. Mutations at two distant sites (green and yellow spheres) 

have no effect on binding of the orange square when introduced independently but 

disrupt binding when introduced together. 
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Results 

Defining the three-conformation ensemble 

To understand how the thermodynamic ensemble might lead to epistasis, we first 

defined a simple quantitative model of a protein exchanging between three conformations 

i, j, and k. We defined i as the “active” conformation in equilibrium with two “inactive” 

conformations j and k. This is a generic model that describes, in broad strokes, a wide 

variety of functions that depend on conformational change (Fig 2.2A). For example, 

conformation i, but not conformations j and k, could be capable of catalysis. 

We will analyze epistasis in the free energy difference between the active i 

conformation and the inactive conformations, j and k (∆𝐺𝑜𝑏𝑠). This quantifies how much

the active form of the enzyme is favored over the inactive forms. We ∆𝐺𝑜𝑏𝑠 as follows:

∆𝐺𝑜𝑏𝑠 =  𝐺𝑖 − 〈𝐺𝑗,𝑘〉

(4) 

where 𝐺𝑖 is the energy of conformation i and 〈𝐺𝑗,𝑘〉 is the Boltzmann-weighted average of

the free energies of conformations j and k (Fig 2.2B). Importantly, the free energy scale is 

linear, meaning–––in the absence of epistasis–––we expect the effects of mutations on 

∆𝐺𝑜𝑏𝑠 to sum.

We will now describe the origin of equation 4. (Some readers may wish to 

proceed to the next section, "Mutations can affect multiple conformations in the 

ensemble"). 

Due to thermal fluctuations, an individual protein molecule will flip between 

conformations i, j, and k over time. As a consequence, a population of many protein 

molecules will exhibit a mixture of conformations. Factors such as the number of 



17 

favorable chemical bonds within each conformation determine the frequency of that 

conformation in the protein population. 

Figure 2.2 Mutations affect multiple ensemble conformations. A) Schematic 

examples of biological mechanisms in which a protein populates at least three 

conformations. Columns indicate conformation labels—i (green), j (purple), or k (blue). 

B) Energy diagram for a hypothetical protein with the ab genotype that adopts

conformations i (green line), j (purple line), and k (blue line). The solid gray line

indicates 〈𝐺𝑗,𝑘〉 (the average energy of the inactive conformations j and k) and the dotted

gray line indicates 𝐺𝑖
𝑎𝑏  (the energy of the active conformation i). The difference between

the solid and dotted gray lines is the observable, ∆𝐺𝑜𝑏𝑠
𝑎𝑏 . C) Hypothetical mutation a→A

changes the energies of conformations i, j, and k and thus ∆𝐺𝑜𝑏𝑠. Orange arrows represent

the effect of mutation a→A on individual conformations. For example, 𝛿𝐺𝑗
𝑎→𝐴 shows the

effect on conformation j. The mutation has a small effect on i, stabilizes j, and

destabilizes k. This leads to a net decrease in 〈𝐺𝑗,𝑘
𝐴𝑏〉 relative to 〈𝐺𝑗,𝑘

𝑎𝑏〉 (pink arrow), and

thus a decrease in ∆𝐺𝑜𝑏𝑠
𝐴𝑏 relative to ∆𝐺𝑜𝑏𝑠

𝑎𝑏 . 
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The favorability of each conformation can be quantified by its free energy (G). 

Fig 2.2B shows a free energy landscape for a three-conformation ensemble. The large 

energy wells correspond to conformations i, j, and k, while the smaller wells correspond 

to small structural fluctuations within each conformation, such as side-chain 

rearrangements. Because conformation i has a low free energy in this hypothetical 

example, it will have a much higher frequency in the population than conformations j or 

k.  

The statistical weight for a given conformation is related to its free energy by the 

Boltzmann distribution: 

𝑤𝑐 =  𝑒−
−𝐺𝑐
𝑅𝑇

(5) 

where c indicates a conformation with free energy 𝐺𝑐 , R is the gas constant, and T is the

temperature in Kelvin. In the three-conformation ensemble, the frequency of 

conformation i is given by: 

𝑓𝑖 =
𝑤𝑖

𝑤𝑖 + 𝑤𝑗 + 𝑤𝑘
=

𝑒
−𝐺𝑖
𝑅𝑇

𝑒
−𝐺𝑖
𝑅𝑇 + 𝑒

−𝐺𝑗

𝑅𝑇 + 𝑒
−𝐺𝑘
𝑅𝑇

(6) 

Importantly, the frequencies of the conformations are coupled. For example, 

making conformation j more stable (by decreasing 𝐺𝑗)will lower 𝑓𝑖, even if 𝐺𝑖 remains the

same. This is because individual protein molecules will spend more time in conformation 

j and thus less time, on average, in conformation i.   

As noted above, we are modeling an ensemble in which conformation i is active 

and conformations j and k are not. A typical way to quantify activity in such a system is 

with an equilibrium constant, describing the frequency of i relative to j and k: 
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𝐾𝑜𝑏𝑠 =
𝑓𝑖

𝑓𝑗 + 𝑓𝑘
=

𝑒
−𝐺𝑖
𝑅𝑇

𝑒
−𝐺𝑗

𝑅𝑇 + 𝑒
−𝐺𝑘
𝑅𝑇

(7) 

Equilibrium constants follow a multiplicative scale, meaning that the effects of 

mutations are expected to multiply rather than add. We will take logarithm of 𝐾𝑜𝑏𝑠 and

place the observable on a free-energy scale, where—in the absence of epistasis—

mutational effects are expected to add:  

∆𝐺𝑜𝑏𝑠 = 𝐺𝑖 + 𝑅𝑇𝑙𝑛 (𝑒
−𝐺𝑗

𝑅𝑇 + 𝑒
−𝐺𝑘
𝑅𝑇 ) 

(8) 

∆𝐺𝑜𝑏𝑠 measures the difference in the free energy, at equilibrium, of the active i

conformation and the inactive j and k conformations (Fig 2B). We will write the second 

term as: 

〈𝐺𝑗,𝑘〉 = −𝑅𝑇𝑙𝑛 (𝑒
−𝐺𝑗

𝑅𝑇 + 𝑒
−𝐺𝑘
𝑅𝑇 )

(9) 

where the brackets denote the Boltzmann-weighted average. This gives us, finally: 

∆𝐺𝑜𝑏𝑠 = 𝐺𝑖 − 〈𝐺𝑗,𝑘〉 .

(10) 

Mutations can affect multiple conformations in the ensemble 

We next considered the effects of mutations. Because each conformation may 

have different physical interactions, the same mutation may have different effects on 

different conformations. For the three-conformation ensemble in Fig 2.2B, we thus need 

terms to describe the effect of the mutation on conformations i, j, and k.  To keep track of 

these effects, we will use the following notation: 
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• The observable energy for genotype g is ∆𝐺𝑜𝑏𝑠
𝑔

(e.g., ∆𝐺𝑜𝑏𝑠
𝑎𝑏 ). 

• The energy of conformation c is 𝐺𝑐
𝑔

 (e.g. 𝐺𝑖
𝑎𝑏  ).

• The energetic effect of mutation x→ 𝑋 on conformation c is 𝛿𝐺𝑐
𝑥→𝑋  (e.g. 𝛿𝐺𝑗

𝑎→𝐴 ).

Unless indicated, mutations are always introduced into the ab genetic background.

• Epistasis within a conformation–––meaning the difference in the effect of a→ 𝐴

on the energy of conformation c in the ab and aB backgrounds–––is 𝛿𝛿𝐺𝑐
𝑎𝑏→𝐴𝐵 .

We will now consider the effect of mutation a→ 𝐴 on ∆𝐺𝑜𝑏𝑠
𝑎𝑏  (Fig 2.2C). The three

terms that describe its effect are 𝛿𝐺𝑖
𝑎→𝐴 , 𝛿𝐺𝑗

𝑎→𝐴 , and  𝛿𝐺𝑘
𝑎→𝐴 . Fig 2.2C shows how a

hypothetical mutation a→ 𝐴 might change the ensemble: it has a small effect on 

conformation i, stabilizes j, and destabilizes k. We would describe the effect of the 

mutation mathematically as: 

∆𝐺𝑜𝑏𝑠
𝑎𝑏 = (𝐺𝑖

𝑎𝑏 + 𝛿𝐺𝑖
𝑎→𝐴) − 〈𝐺𝑗,𝑘

𝐴𝑏〉

(11) 

where 

〈𝐺𝑗,𝑘
𝐴𝑏〉 = −𝑅𝑇 (𝑒−

(𝐺𝑗
𝑎𝑏+𝛿𝐺𝑗

𝑎→𝐴)

𝑅𝑇 + 𝑒−
(𝐺𝑘

𝑎𝑏+𝛿𝐺𝑘
𝑎→𝐴)

𝑅𝑇 ). 

(12) 

The mutation in Fig 2.2C stabilizes 〈𝐺𝑗,𝑘
𝐴𝑏〉 relative to 〈𝐺𝑗,𝑘

𝑎𝑏〉 because conformation j

becomes so much more favorable.  As a result, the ∆𝐺𝑜𝑏𝑠
𝐴𝑏  is lower than ∆𝐺𝑜𝑏𝑠

𝑎𝑏  (Fig 2.2C).

The next step is to describe the effect of introducing two mutations 

simultaneously. To isolate epistasis that arises solely from changes to the thermodynamic 
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ensemble, we will start by assuming that mutations are additive within each 

conformation. By this we mean that 𝐺𝑐
𝐴𝐵 = 𝐺𝑐

𝑎𝑏 + 𝛿𝐺𝑐
𝑎→𝐴 +  𝛿𝐺𝑐

𝑏→𝐵. There are no

epistatic contributions of the form 𝛿𝛿𝐺𝑐
𝑎𝑏→𝐴𝐵 reflecting physical interactions within each

conformation of the sort seen in Fig 2.1B. This means any epistasis we observe arises 

solely from the ensemble. We will revisit this simplifying assumption later. 

Using this framework, we can describe the combined effects of mutations a→ 𝐴 

and b→ 𝐵 on ∆𝐺𝑜𝑏𝑠 as the following:

∆𝐺𝑜𝑏𝑠
𝐴𝐵 = (𝐺𝑖

𝑎𝑏 + 𝛿𝐺𝑖
𝑎→𝐴 + 𝛿𝐺𝑖

𝑏→𝐵) − 〈𝐺𝑗,𝑘
𝐴𝐵〉

(13) 

where 

〈𝐺𝑗,𝑘
𝐴𝐵〉 = −𝑅𝑇 (𝑒−

(𝐺𝑗
𝑎𝑏+𝛿𝐺𝑗

𝑎→𝐴+𝛿𝐺𝑗
𝑏→𝐵)

𝑅𝑇 + 𝑒−
(𝐺𝑘

𝑎𝑏+𝛿𝐺𝑘
𝑎→𝐴+𝛿𝐺𝑘

𝑏→𝐵)

𝑅𝑇 ). 

(14) 

The thermodynamic ensemble can lead to epistasis 

To understand the nature of epistasis arising from such a system, we must map the 

thermodynamic model in Equation 13 to epistasis. Table 1 shows the mapping between 

each genotype and its thermodynamic description, ∆𝐺𝑜𝑏𝑠
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

. We will treat epistasis as 

the quantitative difference between the effects of mutation a→A in the ab and aB 

backgrounds (Fig 2.1A): 

𝜀 = (∆𝐺𝑜𝑏𝑠
𝐴𝐵 − ∆𝐺𝑜𝑏𝑠

𝑎𝐵 ) − (∆𝐺𝑜𝑏𝑠
𝐴𝑏 − ∆𝐺𝑜𝑏𝑠

𝑎𝑏 ).

(15)
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We can substitute the thermodynamic equations for each ∆𝐺𝑜𝑏𝑠 from Table 1 into

Equation 15. Upon simplifying this expression (supplementary text, section 1.1 Appendix 

A), we obtain: 

𝜀 = −[(〈𝐺𝑗,𝑘
𝐴𝐵〉 − 〈𝐺𝑗,𝑘

𝑎𝐵〉) − (〈𝐺𝑗,𝑘
𝐴𝑏〉 − 〈𝐺𝑗,𝑘

𝑎𝑏〉)].

(16) 

All terms associated with conformation i cancel. We are left with a description of 𝜀 that is 

only in terms of mutational effects on conformations j and k. 

Our expression for 𝜀 is determined by the effects of mutations a→A and b→B on 

conformations j and k, not their effects on conformation i. Perturbations to the relative 

populations of j and k necessarily lead to nonlinear changes in ∆𝐺𝑜𝑏𝑠 because the

logarithmic term in 〈𝐺𝑗,𝑘〉 cannot be simplified further.

Table 1.1 Map between genotype and the thermodynamic description of ∆𝑮𝒐𝒃𝒔
𝒈𝒆𝒏𝒐𝒕𝒚𝒑𝒆

Genotype ∆𝐺𝑜𝑏𝑠
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒 〈𝐺𝑗,𝑘

𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒 〉 

ab 𝐺𝑖
𝑎𝑏 − 〈𝐺𝑗,𝑘

𝑎𝑏〉 −𝑅𝑇𝑙𝑛 (𝑒−
(𝐺𝑗

𝑎𝑏)

𝑅𝑇 + 𝑒−
(𝐺𝑘

𝑎𝑏)
𝑅𝑇 ) 

Ab (𝐺𝑖
𝑎𝑏 + 𝛿𝐺𝑖

𝑎→𝐴) − 〈𝐺𝑗,𝑘
𝐴𝑏〉

−𝑅𝑇𝑙𝑛 (𝑒−
(𝐺𝑗

𝑎𝑏+𝛿𝐺𝑗
𝑎→𝐴)

𝑅𝑇

+ 𝑒−
(𝐺𝑘

𝑎𝑏+𝛿𝐺𝑘
𝑎→𝐴)

𝑅𝑇 ) 

aB (𝐺𝑖
𝑎𝑏 + 𝛿𝐺𝑖

𝑏→𝐵) − 〈𝐺𝑗,𝑘
𝑎𝐵〉

−𝑅𝑇𝑙𝑛 (𝑒−
(𝐺𝑗

𝑎𝑏+𝛿𝐺𝑗
𝑏→𝐵)

𝑅𝑇

+ 𝑒−
(𝐺𝑘

𝑎𝑏+𝛿𝐺𝑘
𝑏→𝐵)

𝑅𝑇 ) 

AB 
(𝐺𝑖

𝑎𝑏 + 𝛿𝐺𝑖
𝑎→𝐴 + 𝛿𝐺𝑖

𝑏→𝐵)
− 〈𝐺𝑗,𝑘

𝐴𝐵〉

−𝑅𝑇𝑙𝑛 (𝑒−
(𝐺𝑗

𝑎𝑏+𝛿𝐺𝑗
𝑎→𝐴+𝛿𝐺𝑗

𝑏→𝐵)

𝑅𝑇

+ 𝑒−
(𝐺𝑘

𝑎𝑏+𝛿𝐺𝑘
𝑎→𝐴+𝛿𝐺𝑘

𝑏→𝐵)
𝑅𝑇 ) 
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Conditions necessary for ensemble epistasis 

We next used the thermodynamic description of ensemble epistasis derived above 

(Equation 16) to ask under what conditions ensemble epistasis is expected to arise. In the 

supplementary text, we show that there are two necessary conditions for ensemble 

epistasis: 

• The protein populates at least three conformations (supplementary text,

Appendix A, section 1.2).

• Mutations have differential effects on conformations j and k (supplementary

text, Appendix A, section 1.3).

To understand what these conditions mean in practice, we calculated ensemble 

epistasis using equation 16 as a function of the difference in the stabilities of 

conformations j and k (𝐺𝑗
𝑎𝑏 − 𝐺𝑘

𝑎𝑏) and the difference in the effects of mutations on

conformations j and k (𝛿𝐺𝑗
𝑥→𝑋 − 𝛿𝐺𝑘

𝑥→𝑋) (Fig 2.3A). In panels B-D, we reveal the

underlying ensemble that leads to the epistasis observed in Fig 2.3A. The length of the 

pink arrows illustrates the effect of mutation a→A in each genetic background, ab or aB. 

The difference in the length of the pink arrows for the ab→Ab and Ab→AB genotypes 

measures epistasis, 𝜀. 

We can see why multiple conformations are required for ensemble epistasis by 

comparing points B and C on Fig 2.3A. At point B, only conformation j is appreciably 

populated for all genotypes (pie charts, Fig 2.3B); at point C, conformations j and k have 

equal starting populations (pie charts, Fig 2.3C). This difference in the starting 

populations of j and k leads to different epistatic outcomes. At point B, both ab→Ab and 

aB→AB depend only on the effect of the mutation on conformation j because it is the 
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only conformation appreciably populated. The lengths of the pink arrows are equal, 

indicating that there is no epistasis. At point C, the effect of ab→Ab on 〈Gj,k〉 is moderate

because the stabilization of conformation j is offset by the entropic cost of depopulating 

conformation k. This results in epistasis because when a→A is introduced into the aB 

background, mutation b→B has already depopulated conformation k. As a result, the 

effect of aB→AB is determined solely by its stabilization of conformation j, and is thus 

larger than ab→Ab. 

Figure 2.3 Ensemble epistasis arises from redistributed conformational 

probabilities. A) Epistasis as a function of the difference in the effects of the mutations 

a→A and b→B on conformations j and k (𝛿𝐺𝑗
𝑥→𝑋 − 𝛿𝐺𝑘

𝑥→𝑋) in 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1, y-axis) and

the difference in the stability of conformations j and k for the ab genotype (𝐺𝑗
𝑎𝑏 − 𝐺𝑘

𝑎𝑏

in 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1, x-axis). Color indicates the magnitude of epistasis, ranging from 0

(white) to 1.6 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1 (blue). For the whole plot, a→A and b→B had identical

effects (𝛿𝐺𝑗
𝑎→𝐴 = 𝛿𝐺𝑗

𝑏→𝐵 and 𝛿𝐺𝑘
𝑎→𝐴 = 𝛿𝐺𝑘

𝑏→𝐵). We set 𝐺𝑗
𝑎𝑏 = 0 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1 and

𝛿𝐺𝑗
𝑥→𝑋 = −0.96 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1 and then varied 𝐺𝑘

𝑎𝑏  and 𝛿𝐺𝑘
𝑥→𝑋 to sample parameter

space. All calculations were done at T = 298 K. Panels B-D show the thermodynamic 

origins for the epistasis at points B, C, and D indicated on panel A. The color scheme is 

consistent throughout: purple and blue lines are the energies of conformations j and k, 

respectively; orange arrows show the effects of mutation a→A; green arrows show the 

effects of mutation b→B; heavy black lines are the Boltzmann-weighted average energies 

of j and k, 〈𝐺𝑗,𝑘〉; heavy pink arrows are the observed effect of mutation a→A in the

genotype indicated below the plot. The difference between the length of the pink arrows 

in the ab→Ab and aB→AB genotypes measures 𝜀. The relative populations of 

conformations j and k are shown as a pie chart below the energy diagram. 
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We can see why differential effects for each mutation are required by comparing 

points C and D on Fig 2.3A. At both points, conformations j and k have equal starting 

populations (pie charts, Fig 2.3 C-D). At point C, the mutations have opposite effects on 

conformations j and k (Fig 2.3C); at point D, the mutations have identical effects on 

conformations j and k (Fig 2.3D). This means that for point D the introduction of a→A or 

b→B shifts the total energy landscape, but does not change the relative proportions of j 

and k. As a result, mutation a→A has the same effect regardless of background (compare 

pink arrows, Fig 2.3D). 

Ensembles can lead to magnitude epistasis, sign-epistasis, and reciprocal sign-

epistasis 

We next asked if the ensemble could lead to different evolutionarily relevant 

classes of epistasis: magnitude, sign, and reciprocal sign epistasis. In magnitude epistasis, 

only the magnitude of a mutation's effect changes when another mutation is introduced. 

In sign epistasis, the same mutation has a positive effect in one background and a 

negative effect in another. Finally, in reciprocal sign epistasis, both mutations exhibit 

sign epistasis. 

We surveyed the parameter space for the effects of mutations on each 

conformation while tracking the magnitude and type of epistasis observed (Fig 2.4A). We 

set the initial energies of conformations j and k to be equal (𝐺𝑗
𝑎𝑏 = 𝐺𝑘

𝑎𝑏 = 0). We then

calculated epistasis using equation 16 as a function of the difference in the effects of 

mutations a→A and b→B on j and k. 

We found four regimes, corresponding to magnitude, sign, reciprocal sign, and no 

epistasis. To understand the origins of these three regimes, we studied the thermodynamic 
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ensembles that lead to epistasis at the points indicated C, D, and E. At this slice of 

parameter space, mutation a→A destabilizes conformation j by 0.35 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1 and

stabilizes conformation k by −0.35 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1. The effect of this mutation on the

ensemble in the ab background is shown in Fig 2.4B: the mutation mildly stabilizes 

〈𝐺𝑗,𝑘〉.

Figure 2.4 Ensemble epistasis arises when mutations have different effects on 

different conformations. A) Epistasis calculated for a three-conformation ensemble that 

starts with 𝐺𝑗
𝑎𝑏 = 𝐺𝑘

𝑎𝑏 = 0. The differences in the effects of mutations a→A and b→B on

conformations j and k are indicated on the x- and y-axes. The magnitude of epistasis is 

indicated by the color, ranging from +1.6 (dark red) to 0 (white) to -1.6 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1

(dark blue). Gray lines delineate regions of reciprocal sign (red regions within the lines) 

and sign epistasis (red regions outside of the lines). All calculations were done at T = 298 

K. Panels B-E show the thermodynamic origins of the epistasis indicated by points C, D,

and E on panel A. The effect of mutation a→A is constant in all panels; the effect of

mutation b→B differs depending on the scenario. The color scheme is consistent with Fig

2.2. B) The effect of a→A in the ab background. a→A destabilizes j and stabilizes k,

stabilizing 〈𝐺𝑗,𝑘
𝐴𝐵〉. C) Scenario C: no epistasis. b→B has the same effect on conformations

j and k. D) Scenario D: a→A and b→B act synergistically to destabilize j and stabilize k.

E) Scenario E: a→A and b→B have opposite effects on conformations j and k.

At point C, we see no epistasis (Fig 2.4A). We can see why this occurs in Fig 

2.4C. Mutation b→B destabilizes both j and k by 0.35 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1. Because mutation

b→B does not have differential effects on each conformation, 〈𝐺𝑗,𝑘〉 is globally shifted by
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+0.35 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1. Introducing a→A and b→B together yields no epistasis because both

the ab and aB genotypes have identical configurations—the observed effect comes only 

from mutation a→A (compare pink arrows in Fig 2.4B and Fig 2.4C). 

At point D, we observe magnitude epistasis (Fig 2.4A). We can see why this 

occurs in Fig 2.4D. Mutations a→A and b→B have synergistic effects on each 

conformation: k is stabilized while j is destabilized. We see magnitude epistasis because 

although the relative population of j is reduced, it still has weight in the Boltzmann-

weighted average stability (compare pink arrows in Fig 2.4B and 2.4D). 

At point E, we see reciprocal sign epistasis (Fig 2.4A). We can see why this 

occurs in Fig 2.4E. a→A and b→B have opposite effects on j and k: a→A destabilizes j 

and stabilizes k, while b→B stabilizes j and destabilizes k. The effects are equal in 

magnitude but opposite in sign so their combined effects cancel, yielding 〈𝐺𝑗,𝑘
𝐴𝐵〉 equal to

that of the ab genotype (compare pink arrows in Fig 2.4B and 2.4E). As a result, 

mutations a→A and b→B have individually stabilizing effects on 〈𝐺𝑗,𝑘〉 but are

destabilizing when combined. 

The magnitude and sign regions of Fig 2.4A show distinct patterns with regard to 

the sign of epistasis observed: mutations in the magnitude region are more stabilizing 

(positive epistasis) and those in the sign region are more destabilizing (negative epistasis) 

than anticipated based on single mutational effects. The magnitude region results in 

positive epistasis because mutations work synergistically to hyper-stabilize one 

conformation, while greatly destabilizing the other. This results in one conformation 

having very little weight in the Boltzmann distribution such that the remaining stabilized 

conformation determines the observable value. In the sign region, each mutation 
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preferentially stabilizes a different conformation when introduced alone. However, when 

introduced together, they have opposing effects within a single conformation. The 

stabilizing effects of each mutation alone on 〈𝐺𝑗,𝑘〉 cancel, resulting in a less stable

double mutant than anticipated. 

Ensemble epistasis may be a common feature in protein mutant cycles 

Above we showed mathematically that ensemble epistasis can arise when multiple 

conformations are populated and mutations have different effects on different 

conformations. We next wanted to address whether these requirements are met in real 

systems. Multi-conformation ensembles are common in biology and we expect that the 

first requirement is often met (Fig 2.2A). However, it is not obvious that the requirement 

for differential effects of mutations is commonly satisfied. We designed a computational 

test to ask if it was plausible that both of these conditions are met simultaneously in a 

protein. 

We investigated these questions using the allosteric 𝐶𝑎2+ signaling protein,

human S100A4. S100A4 adopts a three-conformation ensemble, meeting our first 

requirement to observe ensemble epistasis (Fig 2.5A) 108–110. In the absence of 𝐶𝑎2+ , it

favors the “apo” conformation (Fig 2.5A, slate); addition of 𝐶𝑎2+ stabilizes the “ca”

conformation with an exposed hydrophobic peptide-binding surface (Fig 2.5A, purple); 

finally, addition of peptide leads to formation the “capep” conformation that has both 

𝐶𝑎2+ and peptide bound (Fig 2.5A, green). These structures can be be assigned indices,

as in our analytical model: capep (i), ca (j), and apo (k).  
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Figure 2.5 Testing for ensemble epistasis in the S100A4 protein. A) Three-

conformation ensemble of the S100A4 protein. The apo conformation (apo, slate, PDB: 

1M31) is in equilibrium with the 𝐶𝑎2+ bound (ca, purple, PDB: 2Q91) and 𝐶𝑎2+/peptide

bound (capep, green, PDB: 5LPU) conformations when 𝐶𝑎2+ (lime green spheres) and

peptide (dark green) are present. B) The relative populations of the apo, ca, and capep 

conformations change as 𝐶𝑎2+ concentration increases in the presence of saturating

peptide. The magnitude of ensemble epistasis observed is 𝐶𝑎2+ −dependent, because

only some 𝐶𝑎2+concentrations lead to multiple populated conformations. C) Assigned

energies (𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1) of S100A4 conformations. Apo is most stable when peptide,

𝜇𝑝𝑒𝑝𝑡𝑖𝑑𝑒 , and 𝐶𝑎2+ chemical potentials, 𝜇𝐶𝑎2+, are zero (dashed lines). Capep is

stabilized by increasing 𝜇𝑝𝑒𝑝𝑡𝑖𝑑𝑒 = 20 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1 (dark green arrow, solid green line).

Increasing 𝜇𝐶𝑎2+ alters the energies of both ca and capep (lime green arrow, solid lines).

All calculations were done at T = 298 K. 

We used software for structure-based energy calculations (ROSETTA) to estimate 

the stability effects of all 3,382 possible single point mutations to the capep, ca, and apo 

conformations of S100A4. This gives us 𝛿𝐺𝑐𝑎𝑝𝑒𝑝
𝑥→𝑋  , 𝛿𝐺𝑐𝑎

𝑥→𝑋, 𝑎𝑛𝑑 𝛿𝐺𝑎𝑝𝑜
𝑥→𝑋 for every

mutation x→X. 
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We then exploited the allosteric nature of S100A4 to switch between conditions 

where only single conformations are appreciably populated and where multiple 

conformations are populated. To model the ensemble, we selected reference 

concentrations of  𝐶𝑎2+ and peptide such that 𝐺𝑐𝑎𝑝𝑒𝑝
° ≫ 𝐺𝑐𝑎

° ≫ 𝐺𝑎𝑝𝑜
°  (Fig 2.5C; see

methods). We know experimentally that the protein favors the apo conformation in the 

absence of 𝐶𝑎2+ and peptide 111. We modeled the signaling behavior of S100A4 by

changing the concentrations of 𝐶𝑎2+ and peptide: 𝐺𝑐𝑎𝑝𝑒𝑝 = 𝐺𝑐𝑎𝑝𝑒𝑝
° − 4𝜇𝐶𝑎2+ − 𝜇𝑝𝑒𝑝𝑡𝑖𝑑𝑒

and 𝐺𝑐𝑎 = 𝐺𝑐𝑎𝑝𝑒𝑝
° − 4𝜇𝐶𝑎2+, where 𝜇𝐶𝑎2+ and 𝜇𝑝𝑒𝑝𝑡𝑖𝑑𝑒  are the chemical potentials of

𝐶𝑎2+ and peptide relative to their reference concentrations (Fig 2.5C). Depending on our

choice of 𝜇𝐶𝑎2+ and 𝜇𝑝𝑒𝑝𝑡𝑖𝑑𝑒 , we can observe different relative populations of the  capep,

ca, and apo conformations. For ∆𝐺𝑜𝑏𝑠, we used:

∆𝐺𝑜𝑏𝑠
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

= (𝐺𝑐𝑎𝑝𝑒𝑝
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

+ 𝑅𝑇𝑙𝑛 (𝑒−
𝐺𝑐𝑎

𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

𝑅𝑇 + 𝑒−
𝐺𝑎𝑝𝑜

𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

𝑅𝑇 ). 

(17) 

By analogy to what we derived in Equation 16, epistasis is calculated as: 

𝜺 = −[(〈𝑮𝒄𝒂,𝒂𝒑𝒐
𝑨𝑩 〉 − 〈𝑮𝒄𝒂,𝒂𝒑𝒐

𝒂𝑩 〉) − (〈𝑮𝒄𝒂,𝒂𝒑𝒐
𝑨𝒃 〉 − 〈𝑮𝒄𝒂,𝒂𝒑𝒐

𝒂𝒃 〉)]

(18) 

We constructed all 5.6 million pairs of mutations by treating the 𝛿𝐺𝑐𝑎𝑝𝑒𝑝
𝑥→𝑋 , 𝛿𝐺𝑐𝑎

𝑥→𝑋 ,

and 𝛿𝐺𝑎𝑝𝑜
𝑥→𝑋 ROSETTA values as additive within each conformation, meaning that we

calculated the effect of two mutations a→A and b→B in combination on the apo 

conformation, for example, as 𝐺𝑎𝑝𝑜
𝐴𝐵 = 𝐺𝑎𝑝𝑜

𝑎𝑏 + 𝛿𝐺𝑎𝑝𝑜
𝑎→𝐴 + 𝛿𝐺𝑎𝑝𝑜

𝑏→𝐵. We made this

assumption to isolate epistasis arising solely from changes to the ensemble, as we did in 

our general thermodynamic model in Equation 13. 
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Under the assumption of within-conformation additivity, we calculated epistasis 

in 〈𝐺𝑐𝑎,𝑎𝑝𝑜〉 using Equation 18 as a function of 𝜇𝐶𝑎2+ at a fixed 𝜇𝑝𝑒𝑝𝑡𝑖𝑑𝑒  (see methods for

more details). We observed peaks in epistasis at intermediate values of 𝜇𝐶𝑎2+, where the

capep, ca, and apo conformations may all be populated. In contrast, we observed no 

epistasis at low 𝜇𝐶𝑎2+ (where only the apo conformation is populated) or high 𝜇𝐶𝑎2+

(where only the capep conformation is populated). We observed three basic patterns of 

𝜇𝐶𝑎2+-dependent epistatic magnitude, as exemplified by the three mutant pairs shown in

Fig 2.6A: F145R/L109I had no epistasis (left panel) while F145R/F78A had negative 

epistasis (middle panel) and F145R/M85K had positive epistasis (right panel). 

Interestingly, the type of epistasis observed—magnitude (dark blue), sign (gold), or 

reciprocal sign (green)—was also dependent upon 𝜇𝐶𝑎2+ (Fig 2.6A). This was quite

common in our dataset: approximately 61% of pairs with an epistatic magnitude above 

0.6 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1 switched epistatic type at least once as 𝜇𝐶𝑎2+ increased.

We next looked at the magnitude and type of epistasis for all 5.6 million mutation 

pairs at their peak values over the range of 𝜇𝐶𝑎2+. We found that 47% of the 5.6 million

pairs exhibited epistasis at or above the order of thermal fluctuation, 0.6 k𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1

(Fig 2.6B). We found that 34% of pairs exhibited magnitude, 12% sign, and 1% 

reciprocal-sign epistasis at this cutoff. Approximately 11% of pairs exhibited epistasis 

with a magnitude above 2 k𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1.

To understand the structural origins of the observed epistasis, we compared the 

the positions of each mutation from Fig 2.6A in the apo (slate, Fig 2.6C) and ca (purple, 

Fig 2.6C) conformations. We first consider F145R. This position is solvent exposed in 

the apo conformation but buried in the ca conformation. As a consequence, introducing  
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Figure 2.6 The ensemble of S100A4 exhibits ensemble epistasis. A) Epistatic 

magnitude (k𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1, y-axis) as a function of 𝜇𝐶𝑎2+ (k𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1, x-axis) for three

mutation pairs: L109I/F145R (left panel), F78A/F145R (middle panel), and 

M85K/F145R (right panel). Color is consistent with epistatic type in panel B. B) 

Fractional contribution of each epistatic type (y-axis) as a function of epistatic magnitude 

cutoff (k𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1, x-axis), colored by type: reciprocal sign (green), sign (gold), and

magnitude (dark blue). Pairs with epistasis below the cutoff are considered non-epistatic 

(gray). C) Positions of mutations in the ca (purple) and apo (slate) conformations. Text 

indicates their relative environments in each conformation. Red arrows indicate changes 

in position between the ca and apo conformations. D-I) Thermodynamic origins of 

epistasis for three mutation pairs at 𝜇𝐶𝑎2+ = 3.5 k𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1, (D-G) or 𝜇𝐶𝑎2+= 2.2 k𝑐𝑎𝑙 ∙
𝑚𝑜𝑙−1,  (H-I). 𝐶𝑎2+ chemical potential is indicated above the panel. Mutation a→A

(F145R) is constant; mutation b→B differs in panels E-G and I. The color scheme is 

consistent throughout: purple and blue lines are the energies of ca and apo, respectively, 

while black lines represent 〈𝐺𝑐𝑎,𝑎𝑝𝑜
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒〉; all other colors are consistent with Fig 2.2-2.3. 

Specific mutations and epistatic classes are indicated at the top of the panel; genotypes 

and relative populations are below. G) Introduction of mutation F145R (a→A) into the ab 

background at 𝜇𝐶𝑎2+ = 3.5 k𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1. E) No epistasis scenario: mutations F145R

(a→A) and L109I (b→B). F) Sign epistasis scenario: mutations F145R (a→A) and F78A 

(b→B) G) Magnitude epistasis scenario: mutations F145R (a→A) and M85K (b→B). H) 

Introduction of mutation F145R (a→A) into the ab background at 𝜇𝐶𝑎2+= 2.2 k𝑐𝑎𝑙 ∙
𝑚𝑜𝑙−1. I) Sign epistasis scenario: mutations F145R (a→A) and M85K (b→B). J)

Histogram showing the distribution of epistasis between 344 mutant pairs assuming no 

epistasis between mutations within each conformation (gray) or using calculated epistasis 

between mutations within each conformation (slate blue). 
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Arg mildly stabilizes the apo conformation, but dramatically destabilizes the ca 

conformation due to burying its charge. Next, L109I is a conservative mutation at a site 

whose environment is essentially unchanged between the apo and ca conformations. 

F78A is solvent exposed in the apo conformation but buried in the ca conformation. The 

Phe to Ala mutation is destabilizing to the ca conformation due to the loss of 

hydrophobic contacts. Finally, M85K is buried in the apo conformation, but exposed in 

the ca conformation. Mutation to Lys introduces a buried charge, greatly destabilizing it 

due to the cost of ion desolvation. The differences in the effects of L109I, F78A, and 

M85K on the  apo and ca conformations cause them to exhibit different types of epistasis 

when paired with F145R. 

F145R exhibits no epistasis when paired with L109I at 𝜇𝐶𝑎2+ = 3.5 k𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1

(Fig 2.6E). The L109I mutation has a negligible effect on the apo and ca conformations 

(genotype aB, Fig 2.6E). As a result, F145R has the same effect on 〈𝐺𝑐𝑎,𝑎𝑝𝑜〉 when

introduced into both ab and L109I (aB) backgrounds (compare pink arrows in Fig 2.6D 

and 2.6E). 

Pairing F145R with F78A results in sign epistasis. F78A is destabilizing to both 

conformations, but much more so to the ca conformation (genotype aB, Fig 2.6F). Both 

F78A and F145R preferentially destabilize the ca structure, leading to a dramatic 

decrease in its relative population when introduced together (green arrows, Fig 2.6F). We 

see sign epistasis because the synergistic destabilization of the ca conformation makes 

〈𝐺𝑐𝑎,𝑎𝑝𝑜
𝐴𝐵 〉 only dependent on the stability of the apo conformation (compare pink arrows 

in Fig 2.6D and 2.6F). 
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F145R exhibits magnitude epistasis when paired with M85K. The M85K 

mutation is greatly destabilizing to the apo conformation and slightly destabilizing to the 

ca conformation (green arrows, Fig 2.6G). Combining both mutations causes a decrease 

in the stability of both conformations and a net destabilization of 〈𝐺𝑐𝑎,𝑎𝑝𝑜
𝐴𝐵 〉, leading to the

observation of magnitude epistasis (pink arrows, Fig 2.6G). 

Intriguingly, a slight decrease from 𝜇𝐶𝑎2+ = 3.5 k𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1 to 𝜇𝐶𝑎2+ = 2.2 k𝑐𝑎𝑙 ∙

𝑚𝑜𝑙−1 switches the type of epistasis from magnitude to sign for the F145R/M85K pair

(compare Fig 2.6D/G to Fig 2.6H/I). The switch is solely due to the change in the relative 

energies of the ca and apo conformations in the ab genotype: the ca conformation is 

slightly stabilized relative to the apo conformation. The introduction of F145R stabilizes 

the apo conformation, resulting in net stabilization of 〈𝐺𝑐𝑎,𝑎𝑝𝑜
𝐴𝑏 〉. M85K destabilizes both 

conformations, destabilizing 〈𝐺𝑐𝑎,𝑎𝑝𝑜
𝑎𝐵 〉. When both mutations are combined, 〈𝐺𝑐𝑎,𝑎𝑝𝑜

𝐴𝐵 〉 is

further destabilized, resulting in the observation of sign epistasis (compare pink arrows in 

Fig 2.6H and Fig 2.6I). 

Ensemble epistasis is robust to addition of epistasis from structural contacts 

We next wanted to ask how the relative magnitude of epistasis changes when we 

allow epistasis to arise from both the ensemble and structural contacts. We used 

ROSETTA to calculate the within-conformation interaction energies of 344 mutant pairs. 

We then re-calculated the stability of each conformation c as: 

𝐺𝑐
𝐴𝐵 = 𝐺𝑐

𝑎𝑏 + 𝛿𝐺𝑐
𝑎→𝐴 + 𝛿𝐺𝑐

𝑏→𝐵 + 𝛿𝛿𝐺𝑐
𝑎𝑏→𝐴𝐵

(19)
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where  𝛿𝛿𝐺𝑐
𝑎𝑏→𝐴𝐵 is the interaction energy within the conformation calculated by

ROSETTA. The values of 𝛿𝛿𝐺𝑐
𝑎𝑏→𝐴𝐵 had a mean and standard deviation of 9.3 ±

9.8 k𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1. We used these new values to calculate 𝜀 in 〈𝐺𝑐𝑎,𝑎𝑝𝑜〉. Fig 2.6J shows

how the distribution of epistatic magnitude changes when we allow non-additivity to 

arise from the ensemble alone versus both the ensemble and structural contacts. We 

found that 24% of the 344 mutation pairs exhibit epistasis on the order of 0.6 k𝑐𝑎𝑙 ∙

𝑚𝑜𝑙−1, with an average magnitude of 0.97 k𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1 when we allow epistasis to arise

only from the ensemble. When we allowed epistasis to arise from structural contacts in 

addition to the ensemble, we found that 35% of pairs exhibited epistasis on the order of 

0.6 k𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1, with an average magnitude of 1.4 k𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1. The addition of

within-conformation contacts widens the distribution relative to the ensemble-only 

dataset, yielding a modest increase in the average epistatic magnitude. Ensemble epistasis 

thus seems to be an important source of epistasis, even for proteins that also exhibit 

epistasis from structural contacts within each conformation. 

Discussion 

We found that epistasis can arise from a fundamental property of proteins and 

other macromolecules: the thermodynamic ensemble. Previously we observed ensemble 

epistasis using lattice models, but the conditions under which it arises and if they are 

plausibly met in more realistic models of proteins remained unresolved 105. Here we used 

a simple—but general—thermodynamic model to study the how the ensemble leads to 

epistasis. Ensemble epistasis arises because mutations can affect any conformation in the 

ensemble. Since observables are averaged over the entire ensemble, they cannot be 

separated into additive components. 
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Ensemble epistasis should be pervasive in biology 

We expect ensemble epistasis in systems where 1) at least three conformations are 

populated and 2) mutations have differential effects on at least two conformations. The 

first requirement may be common: multi-conformation ensembles often underlie 

biological function, from allostery to fold-switching (Fig 2.2A) 107. The commonality of 

the second requirement, however, is not as obvious. We tested for the plausibility of 

meeting the second requirement by modeling the effects of mutations on different 

conformations of the S100A4 protein. S100A4 is a 𝐶𝑎2+ signaling protein that adopts

three conformations, meeting the requirement for multiple populated conformations (Fig 

2.5A). We identified mutations that had differential effects on both inactive 

conformations, which satisfied the second requirement. Nearly half of the mutant pairs 

exhibited epistasis above 0.6 k𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1, suggesting that—at least in principle—

ensemble epistasis should be detectable in real proteins (Fig 2.6A). 

There is mounting indirect evidence of links between epistasis and 

thermodynamic ensembles. For example, in TEM-1 𝛽-lactamase, two adaptive mutations 

were identified that independently increased structural heterogeneity and function. 

Together the mutations exhibited epistasis, shifting the ensemble into a dominantly non-

productive structure 112. Epistasis also underlies changes in dynamics that caused 

functional divergence between Src and Abl kinases and the evolution of fold-switching 

proteins 113,114. 

Recently, a thermodynamic model was used to decompose mutational effects on 

the GB1 protein 39. A three-structure ensemble model was able to explain much of the 

epistasis observed in the dataset. The remaining epistasis pointed towards residues that 
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contribute to functionally important structural dynamics. This approach yielded 

mechanistic information about the system. Notably, the mathematical framework of the 

thermodynamic ensemble is not limited to proteins and other macromolecules—it has 

been used to describe much more complex biological systems like signaling networks and 

bacterial communities 115–120. 

Relationship to threshold epistasis 

Ensemble epistasis is related to–––but conceptually distinct from–––threshold 

epistasis.  Threshold epistasis describes non-additivity arising from the accumulation of 

destabilizing mutations. Below some threshold stability, the fraction of folded protein 

molecules drops and any function encoded by the folded structure is lost 64,121–124.  The 

same mutation could have no effect on a high stability protein but be highly deleterious to 

a low stability protein. Both ensemble and threshold epistasis arise because the protein 

can populate more than one conformation; however, at this point, the two mechanisms for 

epistasis diverge.  

To make this concrete, consider the activity of an enzyme.  Enzyme activity is 

proportional to the fraction of enzyme molecules that are in the active form. Mutations 

that have an additive, linear effect on thermodynamic stability will have a non-additive, 

nonlinear effect on the fractional population of the active form (equation 8). As such, we 

can observe epistasis between mutations at the level of enzyme activity simply because 

we are describing a nonlinear function (activity) with a linear model (equation 16) 34,125. 

If we transform the nonlinear fractional population scale (equation 6) onto a linear free 

energy scale (equation 8), threshold epistasis disappears. One can describe the non-

additive, nonlinear effects of mutations on activity as additive, linear effects on stability. 
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This is not to say threshold epistasis does not matter---phenotype and fitness often 

depend on nonlinear fractional populations---but rather that it is possible to analyze the 

data in a way that removes epistasis.  

Ensemble epistasis, however, cannot be removed by transforming the data onto a 

linear scale. We describe the observable (∆𝐺𝑜𝑏𝑠) and the effects of mutations (𝛿𝐺𝑐
𝑥→𝑋) on

the same linear free energy scale. But because mutations have different effects on 

different conformations, these linear perturbations are re-weighted in nonlinear fashion, 

thus leading to irreducible epistasis.  

Ensemble epistasis may shape evolution 

Though it remains to be seen, we expect that ensemble epistasis plays an 

important role in shaping protein evolution. We have shown that simple ensembles give 

rise to magnitude, sign, and reciprocal sign epistasis (Fig 2.4), and that they may give rise 

to high-order epistasis. Sign and reciprocal sign epistasis are particularly important; they 

can decrease accessible evolutionary trajectories and are required for the presence of 

multiple peaks in fitness landscapes 16,26,45,56,126–131. High-order epistasis can alter 

accessibility and can facilitate the bypassing of evolutionary dead-ends in genotype-

phenotype maps, making evolution deeply unpredictable 23,128,132,133. 

Aside from giving rise to evolutionarily-relevant classes of epistasis, we 

anticipate that ensemble epistasis occurs under physiologically relevant—and thus 

evolutionarily important—conditions. Ensemble epistasis is maximized when multiple 

conformations are populated (Fig 2.6A): exactly within the concentration regime where 

macromolecules act as molecular switches. Further, we found in our S100A4 calculations 

that we could see changes in the type of epistasis observed as we changed the amount of 
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allosteric effector, 𝜇𝐶𝑎2+ (Fig 2.6A). This suggests that ensemble epistasis could play a

critical role in shaping the availability of evolutionary trajectories—possibly even in an 

environment-dependent manner. A small change in the concentration of an effector could 

open or close new evolutionary trajectories. A similar phenomenon has been observed in 

allosteric proteins where ligands can act as agonists or antagonists in response to changes 

in environment, ultimately via changes in the thermodynamic ensemble 134. 

Detecting ensemble epistasis 

Our work predicts ensemble epistasis is common. How would one detect it 

experimentally? Effector- or environment-dependent epistasis may be a signal of 

ensemble epistasis. One straightforward experimental test for ensemble epistasis would 

be to perturb the thermodynamic ensemble by tuning environmental factors such as 

effector concentration (Fig 2.5B). For S100A4, we observed distinct effector-dependent 

patterns of epistasis for mutation pairs, where the amount of epistasis we observed 

changed with the addition of  𝐶𝑎2+ (Fig 2.6A). Ensemble epistasis should be maximized

at concentrations where many distinct conformations are populated (i.e. at concentrations 

where functional transitions occur) and minimized when mutations can impact only a 

single conformation (i.e. low 𝜇𝐶𝑎2+ ). Environmental-dependent epistasis has been noted

previously, possibly pointing to an underlying ensemble epistasis 127,135–141.   

Additionally, one might test for ensemble epistasis by measuring the temperature 

dependence of epistasis. If the free energy of each conformation does not change with 

temperature, the predictions are straightforward. For very low temperatures, only the 

deepest energy well—corresponding to the most stable conformation—should be 

populated, preventing ensemble epistasis. At very high temperature, all conformations 
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will have the same statistical weight, and thus will be equally populated regardless of free 

energy (Equation 6). But, because of this fact, mutations will not redistribute the 

populations of the conformations—meaning there will be no ensemble epistasis. For 

intermediate temperature values, we might expect appreciable temperature-dependent 

effects on ensemble epistasis. Unfortunately, the free energy of each conformation is not 

constant with temperature for most proteins 142. As such, we would expect the effects of 

ensemble epistasis are convolved with changes in the enthalpy and entropy of each 

conformation—making temperature-dependent experiments difficult to interpret.  

Conclusion 

Our results reveal that a universal property of proteins and other macromolecules, 

the thermodynamic ensemble, can lead to epistasis. While the pervasiveness of ensemble 

epistasis in biology remains unknown, we anticipate that it is widespread. First, ensemble 

epistasis is maximized under the physiological conditions where biologically important, 

ensemble-mediated functions occur. Second, even a simple, three-conformation system 

can lead to a rich variety of epistasis, suggesting that the necessary conditions for 

ensemble epistasis are met for many proteins. And, third, structure-based calculations 

using experimentally solved protein structures revealed the potential for rampant 

ensemble epistasis. As such, we anticipate that ensemble epistasis plays important roles 

in shaping protein biology and evolution.  

Materials and Methods 

For the S100A4 epistasis analysis, we used three published structures for S100A4: 

the apo structure (PDB 1M31), the 𝐶𝑎2+ bound structure (PDB 2Q91), and the structure

bound to both 𝐶𝑎2+ and a peptide extracted from Annexin A2 (PDB 5LPU). We removed
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all non-𝐶𝑎2+ small molecules (including waters) and edited the files to have an identical

set of non-hydrogen atoms for the S100A4 chains (trimming any residues before alanine 

2 and after phenylalanine 93 in the uniprot sequence, P26447). We arbitrarily selected the 

first NMR model for the apo structure. Using ROSETTA (Linux build 2018.33.60351), 

we generated five independent, pre-minimized structures for each of the conformations 

(apo, ca, and capep). We then used the “cartesian\_ddg” binary to introduce each 

mutation three times into each of these five pre-minimized structures, yielding 15 

calculated ∆𝐺 values for each mutation in each of the three conformations 143. Finally, we 

averaged the 15 values for each mutation in each conformation. We assumed the units of 

these ∆𝐺 values were in 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1144.

For a given genotype, we described the free energy of the calcium-bound form as 

a function of calcium chemical potential (𝜇𝐶𝑎2+) with the expression 𝐺𝑐𝑎
° (𝜇𝐶𝑎2+) = 𝐺𝑐𝑎

° −

4𝜇𝐶𝑎2+.  𝐺𝑐𝑎
°  is a constant describing both the relative stability of the “open” form of the

protein relative to the “closed” form and the affinity of the open form for 𝐶𝑎2+. We

treated the free energy of the apo form as 𝐺𝑎𝑝𝑜
° (𝜇𝐶𝑎2+) = 𝐺𝑎𝑝𝑜

° − 4𝜇𝐶𝑎2+, where 𝐺𝑎𝑝𝑜
°

measures the free energy of the apo form. For convenience, we set 𝐺𝑎𝑝𝑜
°𝑎𝑏 = 0 𝑘𝑐𝑎𝑙 ∙

𝑚𝑜𝑙−1 and 𝐺𝑐𝑎
°𝑎𝑏 = 10 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1 for 𝜇𝑐𝑎 = 0 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1. This models the fact that,

at some reference [𝐶𝑎2+], the "closed" form is favored over the “open” form. As [𝐶𝑎2+],

increases, 𝐺𝑐𝑎(𝜇𝐶𝑎2+) becomes more negative and eventually becomes more favorable

than 𝐺𝑎𝑝𝑜 . To verify that this result was not due to the choice of 𝐺𝑐𝑎
° , we re-ran our

analysis for different values of 𝐺𝑐𝑎
° . We found that changing the value of 𝐺𝑐𝑎

°  has little

impact on the magnitude of epistasis we observe. Its main effect is changing the 𝜇𝑐𝑎
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value at which the maximum magnitude of epistasis is observed (see Appendix A, 

Supplementary Fig A1). 

We modeled the effects of mutations as changes to 𝐺𝑐𝑎
°  and 𝐺𝑎𝑝𝑜

° . For the Ab

genotype, for example, we would write: 

𝐺𝑐𝑎
𝐴𝑏(𝜇𝐶𝑎2+) = 𝐺𝑐𝑎

° − 4𝜇𝐶𝑎2+ + 𝛿𝐺𝑐𝑎
𝑎→𝐴

𝐺𝑎𝑝𝑜
𝐴𝑏 (𝜇𝐶𝑎2+) = 𝐺𝑎𝑝𝑜

° + 𝛿𝐺𝑎𝑝𝑜
𝑎→𝐴

〈𝐺𝑐𝑎,𝑎𝑝𝑜
𝐴𝑏 〉(𝜇𝐶𝑎2+) = −𝑅𝑇𝑙𝑛 (𝑒−

𝐺𝑐𝑎
° −4𝜇𝐶𝑎2++𝛿𝐺𝑐𝑎

𝑎→𝐴

𝑅𝑇 + 𝑒−
𝐺𝑎𝑝𝑜

° +𝛿𝐺𝑎𝑝𝑜
𝑎→𝐴

𝑅𝑇 ) 

where 𝛿𝐺𝑐𝑎
𝑎→𝐴 and 𝛿𝐺𝑎𝑝𝑜

𝑎→𝐴 are the energetic effects of mutation a→A on the ca and apo

conformations, respectively. See Appendix A, Section 2 of the supplementary text for 

further information, including a derivation of the model. 

Data Availability 

Appendix A contains all referenced derivations and proofs in the text. Fig S1 

demonstrates that our epistatic analysis of human S100A4 is not sensitive to our 

assumptions about the affinity of the protein for calcium. All analyses and ROSETTA 

input files can be downloaded directly from 

https://github.com/harmslab/ensemble_epistasis. 

Bridge to Chapter III 

This chapter addressed the formal mathematical foundations and plausibility of 

epistasis arising from the thermodynamic ensemble. First, a simple analytical model was 

used to derive the minimal conditions required to observe ensemble epistasis: 1) a protein 

populates at least three conformations and 2) mutations have differential effects on at 

https://github.com/harmslab/ensemble_epistasis
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least two conformations. The requirement that multiple conformations are populated is 

expected to be quite common amongst proteins and other macromolecules. The 

commonality of the second requirement, however, was not obvious. To assess whether 

both conditions could simultaneously be plausibly met in real macromolecules, a virtual-

deep mutational scan was performed on the allosteric Ca2+ signaling protein S100A4 

protein. Almost half of the 5.6 million mutation pairs exhibited ensemble epistasis with a 

magnitude on the order of thermal fluctuations, leading to the conclusion that ensemble 

epistasis is likely a prominent source of non-additivity in real macromolecules and is 

likely common in biological systems. An important outcome of this work was that it 

showed that one might test for ensemble epistasis in a real macromolecule by looking for 

effector-dependent patterns of epistasis. Chapter III shows the first experimental tests for 

ensemble epistasis using effector-dependent operator binding in the lac repressor protein. 

We show that signatures of ensemble epistasis are present in all measured mutant cycles. 

Using thermodynamic models, we decompose the effects of mutations on the ensemble of 

the lac repressor protein and find that the peak in the effector-dependent epistasis curve 

corresponds to environmental conditions where many conformations are populated. 
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CHAPTER III 

ENSEMBLE EPISTASIS IS PERVASIVE IN THE LAC REPRESSOR 

Author Contributions 

Anneliese Morrison and Michael Harms conceptualized the study and designed 

experiments. Michael Harms acquired funding for the study. Anneliese Morrison 

performed the experiments. Michael Harms administered the project. Anneliese Morrison 

and Michael Harms analyzed the data. Anneliese Morrison constructed figures. Anneliese 

Morrison wrote the chapter. 

Introduction 

Non-additivity between mutations––epistasis––is a ubiquitous feature of biology. 

Epistasis imparts unpredictability to evolution and protein engineering efforts, as the 

effect of a mutation depends on the presence or absence of other mutations 

23,32,46,48,105,132,145. Its presence across all scales of biological complexity, from individual 

macromolecules to entire microbial communities, suggests that epistasis is an 

extraordinarily general feature of biology, yet the underlying molecular mechanisms that 

cause it are often unclear 21,24,40,122,145–151. 

Previously, we argued that intramolecular epistasis can arise from a general 

feature of macromolecules: the thermodynamic ensemble 105,152. Thermodynamic 

ensembles are characterized by the set of interchanging structural conformations a 
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macromolecule can adopt under a specific environmental condition 153,154. For example, 

the ensemble of the bacterial lac repressor protein is shown in Fig 3.1A. The ensemble 

consists of multiple conformations: a high DNA affinity conformation, a low affinity 

conformation, a DNA bound conformation, and effector bound conformations. In the 

absence of an effector, it populates the high affinity conformation and is bound to DNA. 

When an effector is present, it preferentially binds to and stabilizes the low affinity 

conformation, such that it releases DNA, facilitating gene transcription. Such 

thermodynamic ensembles are critical to many biological processes, such as signaling 66, 

catalysis and enzyme promiscuity 67–71, and molecular recognition 72,73, and can tune 

biological output in response to environmental changes 74. 

Epistasis can arise from the thermodynamic ensemble because mutations can have 

different effects on each conformation in a multi-conformation ensemble. Such mutations 

can re-distribute the relative populations of each conformation. Observables measured in 

bulk are averaged over the properties and relative populations of each ensemble 

conformation 70,107,153. Because observables are nonlinearly related to the relative 

population of all structures in the ensemble, we observe ensemble epistasis 105,152. 

Many questions regarding the prevalence of such “ensemble epistasis” in real 

biological systems remain unanswered. Can we detect ensemble epistasis in an explicitly 

biological context? How common is environment-dependent epistasis in real mutant 

cycles? Can we map changes in the ensemble to specific patterns of environment-

dependent epistasis? 

We recently showed theoretically that ensemble epistasis requires two necessary 

conditions be met: 1) a macromolecule populates at least three conformations and 2) 
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mutations have different effects on at least two of the conformations 152. Using structure-

based calculations, we showed that it is plausible for both conditions to be met 

simultaneously in a protein. We might therefore detect ensemble epistasis by looking for 

environment-dependent epistasis in real proteins. 

Here, we measured the magnitude of ensemble epistasis in a simple biological 

system: the lac repressor. As predicted by our ensemble epistasis model, the magnitude of 

epistasis observed varied with the amount of effector added in every mutant cycle we 

investigated, with close agreement between both in vivo and in vitro results. To further 

understand the biochemical underpinnings of each epistatic pattern, we modeled changes 

in the thermodynamic ensemble directly using a Monod-Wymann-Changeux (MWC) 

model. This allowed us to decompose the effects of mutations on the equilibrium 

constants that dictate the relative population of each conformation. Our findings illustrate 

that epistasis arising from the thermodynamic ensemble is a plausible biological 

mechanism of epistasis in proteins. We anticipate that ensemble epistasis is present in 

most macromolecules, pointing to general nonlinearity arising from a general underlying 

ensemble structure and not to specific insightful interactions. 

Results 

An experimental test of ensemble epistasis using the lac repressor 

We selected the lac repressor as a model system to look for evidence of ensemble 

epistasis (Fig 3.1A-B). The lac repressor has a well-characterized thermodynamic 

ensemble, a readily measurable biological output, and was previously shown to exhibit 

effector-dependent epistasis155–167. The receptor exists in two main forms, H and L (for 
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High and Low DNA affinity), which can interact with operator DNA and effector in 

different combinations. We can experimentally manipulate the relative population 

conformations by adding the potent effector IPTG, which tunes the ensemble in predictable 

ways. Based on previous work168, multiple conformations (H·DNA, H, and L) are 

populated with no IPTG present (Fig 3.1A) while a single conformation (L·2E) is 

populated at 1 mM IPTG (Fig 3.1B). Because ensemble epistasis requires multiple 

conformations, we would predict ensemble epistasis at low, but not high, IPTG 

concentrations152.   

We selected three well-characterized mutations to investigate ensemble epistasis in 

this protein: M42I, H74A, and K84L169–172. These mutations are physically distant in the 

structure (Fig 3.1B) and do not disrupt the ability of the repressor to bind operator169–172. 

These mutations have no previously reported epistatic interactions between them. To 

potentially reveal both pairwise and three-way interactions between mutations, we studied 

eight lac repressor constructs: wildtype, three single mutants (M42I, H74A, K84L), three 

double mutants (H74A+K84L, M42I+H74A, M42I+K84L), and the triple mutant 

(M42I+H74A+K84L). 

We first tested for IPTG-dependent epistasis of the lac repressor in vivo using a 

gene reporter assay. We placed YFP under control of the lac operon and then measured the 

ability of different lac repressor variants to control YFP expression in an IPTG-dependent 

manner168. Fig 3.2A shows the induction curves for all eight genotypes, organized by 

mutant cycle. Several genotypes were “leaky”, allowing YFP transcription at low IPTG 

concentrations. Genotypes containing the K84L mutation had severely diminished 
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induction responses. Four out of the eight genotypes (wildtype, H74A, M42I, and M42I + 

H74A) exhibited strong IPTG-dependent changes in YFP expression. 

Figure 3.1 Ensembles can lead to epistasis. A) The lac repressor adopts three 

conformations: high-affinity bound to operator (H-DNA, light teal), high-affinity 

unbound (H, teal), and low-affinity (L, peach). The relative population of each 

conformation is shown in the pie chart in the presence (top) or absence (bottom) of 

inducer (gold triangle). The fraction of operator bound ([H-DNA]/[DNA]tot) and the 

operator binding energy (∆𝐺𝑏𝑖𝑛𝑑 , 𝑘𝑐𝑎𝑙/𝑚𝑜𝑙) is shown below each pie chart. Equilibrium

constants for these calculations were defined using Maximum Likelihood parameter 

estimates for the wildtype genotype, where KH-DNA: 2.2, KH-L: 0.1, KH-E: 6 × 10−6, KL-E:

9 × 10−4, and KL-DNA: 1 × 10−10. Calculations were done at 120 nM protein, 50 nM

operator, and either 0 or 1 mM inducer. B) A hypothetical pair of mutations showing 

epistasis in ∆𝐺𝑏𝑖𝑛𝑑 because the mutations later equilibrium constants (KH-DNA and KH-E)

and re-distribute the relative populations of each conformation. Calculations done at 120 

nM protein, 50 nM operator and 1 𝜇𝑀 inducer. Pie charts represent the relative 

population of each conformation (peach = L, teal = H, light teal = H-DNA + H-2E-DNA, 

and gold = L-2E). All calculations were done using values for the equilibrium constants 

defined for panel A. ∆𝐺𝑏𝑖𝑛𝑑 for each genotype (ab, Ab, aB, and AB) is shown next to the

corresponding pie chart. The effect of mutation A in the ab and aB backgrounds is shown 

next to each downward arrow, corresponding to the introduction of mutation A. C) 

Locations of the mutations used in this study shown in the lac repressor dimer (dark grey 

and grey) bound to operator (teal); PDB code: 1efa 155. M42I is shown as dark pink 

spheres, H74A as green spheres, and K84L as blue spheres. 
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Figure 3.2 Mutant cycles display distinct patterns of effector-dependent epistasis in 

vivo. A) Full effector-response curves for each mutant cycle, with IPTG concentration (in 

nM) on the x-axis and normalized YFP fluorescence on the y-axis. Each color represents 

a single genotype. Average data points are represented by filled circles with standard 

deviation shown as error bars. Lines are Hill fits/linear fits. B) Epistatic magnitude (y-

axis) as a function of IPTG (in M, x-axis). Circles represent the magnitude of epistasis 

averaged over 100 bootstrapped datasets with standard deviation shown as error bars.  

Lines are the magnitude of epistasis in Hill/linear fits (e.g., epistasis calculated using the 

smooth lines in panel A). C) Phenotypes for each mutant cycle at the maximum of the 

epistasis curve. The color bar indicates normalized YFP fluorescence. 

We observe effector-dependent epistasis in vivo 

We next calculated epistasis as a function of effector concentration for these mutant 

cycles. We measured all mutational effects relative to the wildtype genotype (M42, H74, 

K84). For each mutant pair (a→A/b→B), we calculated epistasis as the difference in the 

effect of mutation a→A in the wildtype (ab) versus mutant (aB) genetic backgrounds. This 

is given by: 

ε𝐴𝐵 = (𝑌𝐹𝑃𝐴𝐵 − 𝑌𝐹𝑃𝑎𝐵) − (𝑌𝐹𝑃𝐴𝑏 − 𝑌𝐹𝑃𝑎𝑏) 1.
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where YFP indicates fluorescence at a given IPTG concentration and the subscripts 

indicate the genotype (lowercase and uppercase letters indicate wildtype and mutant, 

respectively). For the three-way mutant, we defined high-order epistasis as the difference 

between the observed fluorescence of the triple mutant and the predicted fluorescence 

given the individual and pairwise effects of the three mutations9.  This is given by: 

ε𝐴𝐵𝐶 = 𝑌𝐹𝑃𝐴𝐵𝐶 − (𝑌𝐹𝑃𝐴𝐵𝑐 + 𝑌𝐹𝑃𝐴𝑏𝐶 + 𝑌𝐹𝑃𝑎𝐵𝐶) + (𝑌𝐹𝑃𝐴𝑏𝑐 + 𝑌𝐹𝑃𝑎𝐵𝑐 + 𝑌𝐹𝑃𝑎𝑏𝐶) − 𝑌𝐹𝑃𝑎𝑏𝑐 . 2. 

Fig 3.2B shows epistasis as a function of IPTG concentration for the mutant cycles. 

At low IPTG concentrations (< 10-7 M), we see a moderate amount of epistasis for all four 

mutant cycles. At intermediate IPTG concentrations (10-7 M < [IPTG] < 10-3), we see a 

peak in epistasis.  The peak coincides with the IPTG concentrations over which the switch-

like induction response occurs (Fig 3.2A). At high IPTG concentrations (> 10-3 M), we see 

a decrease in the magnitude of epistasis, which approaches zero in three out of the four 

mutant cycles.  

The peak magnitude of the epistasis in these curves is substantial.  The total 

induction of the wildtype receptor goes from 0.0 to 0.5 between 0 and 1 mM IPTG (Fig 

3.2A, left). For the H74A+K84L cycle, the peak epistasis is -0.4 (Fig 3.2B, left)—meaning 

the magnitude of the epistasis is fully 80% as large as the total dynamic range for the 

wildtype repressor. This is not limited to the pairwise epistatic curves: the high-order 

epistasis from the three-way mutant peaks with magnitude near +0.2 (Fig 3.2B, right)—

40% of the total induction of the wildtype repressor.  
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The MWC model gives molecular level insights into the thermodynamic ensemble. 

The effector-dependent epistasis observed in vivo is consistent with ensemble 

epistasis. We next wanted to take a more direct approach to dissect the molecular level 

details underlying each epistatic pattern. Understanding how the ensemble gives rise to 

each epistatic pattern requires a quantitative model of the map between environmental 

conditions and the ensemble composition. Recently, Sochor et al derived and tested a 

Monod, Wyman, and Changeux (MWC) style model of the lac repressor 168. This model 

has twelve conformations, whose concentrations are determined by five equilibrium 

constants: KHL , KHE , KLE , KH-DNA , KL-DNA (Figure 3.3A) 168. 

A requirement of fitting this model to experimental data is precise knowledge of 

the total concentrations of all species in the linked equilibria—protein, operator, and 

effector. While the approximate concentrations are known in our in vivo assay, we 

needed a more precise quantitative dataset as input to the MWC model. We therefore 

expressed and purified all eight lac repressor mutant and measured operator binding in 

vitro using a fluorescence polarization assay. We measured operator binding at ~6-10 

protein concentrations and four IPTG concentrations for each variant (Appendix B, 

Supplementary Fig B3). To estimate model parameters for each genotype, we used a 

Bayesian Markov-Chain Monte Carlo (MCMC) strategy to sample over model 

parameters consistent with all observations for each genotype.  

Because this results in many non-unique solutions to the system of equations in 

the model, we took an approach similar to Sochor et al. to reduce the number of 

independent constants fit by the model168. First, we set KL-DNA to  1 × 10−10nM-1, in

accordance with previous literature and observations that the protein has very weak 
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affinity for DNA in the L conformation168.  Then, rather than fitting KHL and KH-DNA 

independently, we fit the ratio (
𝐾𝐻𝐿

𝐾𝐻−𝐷𝑁𝐴
)––Kratio––because our estimates for these 

parameters covaried strongly. 

This left the model with three parameters to fit: Kratio, KHE, and KLE. Figure 3.3B 

shows the raw binding curve and model fit for the wildtype lac repressor at different 

concentrations of effector. Once such a solution to the system of equations is found, we 

can use the fit parameters to calculate the concentration of each species in the linked 

equilibrium shown in Fig 3.3A, as well as the fractional saturation of operator at any 

concentration of protein, effector, and operator (Fig 3.3C).  

Our epistasis model assumes that the effects of mutations are on an additive, 

linear scale 34. We therefore calculated epistasis after doing a scale-transformation as 

applying a linear model to a dataset where mutational effects combine on a nonlinear 

scale (i.e., multiplicative) may be misleading as it spuriously maps non-additivity arising 

from a mismatch in scale to specific interactions 34. We therefore transformed our data 

onto a linear, energetic scale, ∆𝐺𝑏𝑖𝑛𝑑:

∆𝐺𝑏𝑖𝑛𝑑 = −𝑅𝑇𝑙𝑛 (
[𝑝𝑟𝑜𝑡𝑒𝑖𝑛−𝑜𝑝𝑒𝑟𝑎𝑡𝑜𝑟]

[𝑝𝑟𝑜𝑡𝑒𝑖𝑛]𝑓𝑟𝑒𝑒×[𝑜𝑝𝑒𝑟𝑎𝑡𝑜𝑟]𝑓𝑟𝑒𝑒
), 

where R is the gas constant and T is the temperature. Figure 3D shows how ∆𝐺𝑏𝑖𝑛𝑑

changes for the wildtype genotype as a function of effector. 

For all genotypes, Kratio was well-defined and had minimal covariance with other 

parameters. For many genotypes where there was no induction response KHE and KLE 

were not well-constrained.  
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Figure 3.3: Using a thermodynamic model to decompose mutational effects on the 

lac repressor ensemble. a) Monod-Wymann and Changeux model of the lac repressor 

ensemble. B) Fractional saturation of operator as a function of protein concentration (in 

M) for wildtype. Circles represent averaged fractional saturation values from measured

data points and error bars represent standard deviation. Clouds of lines represent

fractional saturation calculated using 50 sets of sampled parameters from Bayesian

MCMC fits. Solid line represents the parameter estimate from fits. The color of each

dataset corresponds to the effector concentration it was measured at: 0 mM IPTG

(orange), 0.1 mM IPTG (navy blue), 0.3 mM IPTG (gold), and 1.0 mM (teal). C)

Heatmap showing the concentration of each species from panel A as a function of IPTG

calculated from the model fit parameters at 120 nM total protein and 10 nM total operator

and using the fit parameter estimates. D)  Operator binding energy (in kcal/mol, y-axis)

as a function of IPTG concentration (in M, x-axis) for the wildtype lac repressor. The

cloud represents the standard deviation of ∆Gbind calculated using 50 sampled sets of fit

parameters, as in panel A. The solid line represents the average calculated ∆Gbind value

over 50 sampled sets of fit parameters. Species concentrations from panel C were used to

calculate the logarithm of the apparent association constant, with the equation for ∆Gbind 

shown in the upper left corner (T = 303 K). E) Correlation between measured in vivo (x-

axis) and in vitro (y-axis) induction phenotypes. In vitro induction is calculated as the

change in operator binding between 0 mM IPTG and 1 mM IPTG. Here ∆Gbind was

calculated using fit parameters from fits without in vivo data added. Error bars on the y-

axis represent the standard deviation in ∆Gbind, 1 mM  - ∆Gbind, 0 mM over all 50 sampled

datasets. Error bars on the x-axis represent the standard deviation in (YFP0 mM – YFP1 mM)

over 100 bootstrapped datasets using in vivo data.  Line indicates the best fit line using

orthogonal distance regression, R2 = 0.88.
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To check that our fit parameters were potentially biologically meaningful, we 

calculated induction for each genotype (∆𝐺𝑏𝑖𝑛𝑑,1 𝑚𝑀 𝐼𝑃𝑇𝐺 − ∆𝐺𝑏𝑖𝑛𝑑,0 𝑚𝑀 𝐼𝑃𝑇𝐺) and

compared it to the measured in vivo induction phenotypes (Fig 3.3E). Overall, we find 

good agreement between the simulated induction dataset and the measured in vivo dataset 

despite KHE and KLE not being well constrained.  

To better resolve KHE and KLE, we used both the in vivo and in vitro datasets as 

inputs to the MWC model. Because the operator sequences used in the in vivo and in 

vitro experiments differed, we added a multiplication factor that scales Kratio as a fourth 

fit parameter. Addition of the in vivo data helped to constrain KHE and KLE for all eight 

genotypes (Appendix B, Supplementary Fig B3). Even with the addition of in vivo data, 

KHE and KLE co-vary. 

Changes to the ensemble lead to effector-dependent epistasis in ∆𝑮𝒃𝒊𝒏𝒅

We next wanted to understand how epistasis changes as a function of effector for 

in vitro phenotypes. We first used the MWC model fit parameters for each genotype to 

calculate the concentration of each species as a function of effector (Appendix B, 

Supplementary Fig B4). We then determined ∆𝐺𝑏𝑖𝑛𝑑 as a function of effector as we did

with the wildtype genotype in Fig 3.3C, show in Fig 3.4A for the M42I + H74A mutant 

cycle. Finally, we calculated epistasis in ∆𝐺𝑏𝑖𝑛𝑑 as a function of IPTG concentration. Fig

3.4B shows the effector-dependent epistasis curves for the M42I + H74A mutant cycle. 

We next wanted to connect the effector-dependent epistasis we observe with 

underlying changes in the thermodynamic ensemble. We looked at how changes in the 

relative populations of different conformations––namely unbound, operator bound, 

effector bound, and both operator and effector bound as shown in Fig 3.4C––map to the 
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epistatic signal we observed in Fig 3.4B. We investigated the molecular mechanisms 

giving rise to epistatic patterns by looking at how the effect of a mutation H74A changes 

in the presence of the M42I mutation for the observable, ∆𝐺𝑏𝑖𝑛𝑑, and the relative

population of each species. We selected three regions of the effector-dependent epistasis 

curve to investigate: low IPTG (1 nM IPTG), medium IPTG (5 𝜇M IPTG), and saturating 

IPTG (1 mM IPTG), as shown by points D, E, and F in Fig 3.4B.  

In the low effector regime, represented by point C, we see negative epistasis in 

∆𝐺𝑏𝑖𝑛𝑑 at a magnitude of ~1 kcal/mol (Fig 3.4B). The relative population of each

conformation from the reduced linked equilibria shown in Fig 3.4C is shown in Fig 3.4D 

for the wildtype, H74A, M42I, and M42I+H74A genotypes. The only conformations that 

are appreciably populated at 1 nM IPTG are the unbound and operator bound 

conformations (Fig 3.4D).   

H74 is located near the cluster of residues responsible for effector binding and 

mutation to alanine is known to increase the repressor’s affinity for inducer, while 

decreasing its affinity for operator (Fig 3.1B, green spheres) 169. We can see these effects 

in the population plot for H74A and in its destabilizing effect on ∆𝐺𝑏𝑖𝑛𝑑 (Fig 3.4D,

bottom panel pink arrow). M42 is located within the DNA binding domain and mutation 

to isoleucine has been shown to directly stabilize the DNA-binding domain, increasing its 

affinity for operator (Fig 3.1B, pink spheres) 171. When the H74A mutation is introduced 

into the M42I background, we see that it does not have the same effect as it did in the 

wildtype background (Fig 3.34D bottom panel, compare pink arrows). We see epistasis 

because the M42I mutation directly stabilizes the DNA-binding domain, resulting in the 

operator binding energy of the double mutant is identical to the M42I genotype. 
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At point E, we are near the peak in the magnitude of epistasis for this mutant 

cycle. The equilibria at the top of Fig 3.4E shows that all conformations are appreciably 

populated at this effector concentration. The population plot shows that the H74A 

genotypes ensemble configuration is distinct from the wildtype and M42I genotypes. The 

H74A mutation has preferentially stabilized the effector bound conformations, resulting 

in a decrease in the relative population of the operator bound conformations, and a 

decrease in ∆𝐺𝑏𝑖𝑛𝑑 (Fig 3.5E bottom panel, pink arrows). When H74A is introduced into

the M42I background, the population plot shows that the M42I + H74A genotype 

stabilizes both the effector and effector + operator bound conformations. We see epistasis 

in ∆𝐺𝑏𝑖𝑛𝑑 because of the joint stabilization of the effector + operator bound

conformations (Fig 3.4E bottom panel, compare pink arrows). The epistasis signal we 

observe is ensemble epistasis––it occurs as a result of the re-weighting of the ensemble 

by H74A to favor effector bound conformations and M42I to favor operator bound 

conformations.  

At point F, there is no longer a signal for epistasis. When the H74A mutation is 

introduced into the wildtype background, it has little effect on ∆𝐺𝑏𝑖𝑛𝑑 because the only

conformation appreciably populated is the effector bound conformation and the protein is 

fully induced (Fig 3.4F). The ensemble and phenotype of the double mutant genotype is 

identical to the M42I genotype, where the direct stabilization of the DNA-binding 

domain increases the population of the effector + operator bound conformations––

stabilizing ∆𝐺𝑏𝑖𝑛𝑑––relative to the wildtype genotype. When introduced into the M42I

background the H74A mutation has no effect on ∆𝐺𝑏𝑖𝑛𝑑 and we observe no epistasis (Fig

3.4F bottom panel, compare pink arrows). 
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Figure 3.4: Molecular basis of effector-dependent epistasis in the M42I + H74A 

mutant cycle  

A) Operator binding energy (∆𝐺𝑏𝑖𝑛𝑑 in kcal/mol, y-axis) as a function of IPTG (in M, x-

axis) for the M42I + H74A mutant cycle. Each color represents a single genotype. The

solid represents the average binding curve over 100 sets of sampled parameters from

Bayesian MCMC fits. Shaded areas represent the average ± standard deviation. All

calculations were done with [protein]total = 120 nM and [operator]total = 10 nM. B)

Epistasis in ∆𝐺𝑏𝑖𝑛𝑑 (in kcal/mol, y-axis) as a function of IPTG concentration (in M, x-

axis). The solid black line represents the average epistasis curve from 100 sets of sampled

parameters, as in panel A. Shaded areas represent the average ±  standard deviation.

Points D, E, and F are used to refer to diagrams in panels D-F. The grey dashed line

indicates where epistasis equals 0 kcal/mol. C) Simplified linked equilibria diagram

where the unbound conformations (grey; H and L) are in equilibrium with the operator

bound (teal; H-DNA, L-DNA) effector bound (gold; H-E, H-2E, L-E, and L-2E), and

operator + effector bound conformations (green; H-DNA-E, H-DNA-2E, L-DNA-E, L-

DNA-2E). D) Relative population of each conformation in panel A at 1 nM IPTG.

Equilibria diagram at the top right corner shows which conformations are appreciably

populated at each effector concentration. Circles represent the average relative population

over 100 sampled datasets (as in panel A) and error bars represent the standard deviation.

Genotype is indicated above each block. The color scheme for each conformation is the

same as in panel C: operator bound shown in teal, unbound in grey, effector bound in

gold, and operator + effector bound in green. The relative populations of each

conformation for the wildtype genotype are shown as transparent dashed lines for

comparison. Black dots in the bottom panel shows the binding energy (∆𝐺𝑏𝑖𝑛𝑑, kcal/mol)

for each genotype. The bottom left panel shows the H74A mutation introduced into the

wildtype background, with its effect on ∆𝐺𝑏𝑖𝑛𝑑 shown by the pink arrow. The bottom

right panel shows the H74A mutation in the M42I background. The transparent pink

arrow and dot represents the additive prediction, while the opaque represents the

measured effect. D) Relative population (top panel) and epistasis in ∆𝐺𝑏𝑖𝑛𝑑 (bottom
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panel) diagrams at 5 𝜇M IPTG. E) Relative population (top panel) and epistasis in ∆𝐺𝑏𝑖𝑛𝑑

(bottom panel) diagrams at 5 mM IPTG. 

We observe effector-dependent epistasis in all mutant cycles 

We measure changes in epistasis as a function of effector in all three remaining 

mutant cycles. Fig 3.5A shows operator binding energies for each genotype in the H74A 

+ K84L, M42I + K84L, and M42I + H74A + K84L mutant cycles. Fig 3.5B shows the

corresponding effector-dependent epistasis curves in ∆𝐺𝑏𝑖𝑛𝑑. For comparison, the in vivo

epistasis curves are shown below in Fig3.5C. There is excellent agreement between the 

epistatic patterns observed in vivo and in vitro, suggesting that they share similar 

underlying molecular mechanisms. All three mutant cycles show similar general 

underlying trends, where at moderate concentrations of IPTG, many conformations are 

populated, and we see a peak in epistasis. At high concentrations of IPTG, only a single 

conformation is appreciably populated––namely, effector bound conformations––and we 

observe lower magnitudes of epistasis.  

We find that in all mutant cycles, epistasis peaks as a consequence of the 

differences in the induction response between different mutants. For example, in the 

H74A + K84L mutant cycle, H74A strongly induces, having a much higher affinity for 

effector, whereas K84L has a very diminished induction response. The K84L mutation is 

known to drastically reduce induction, presumably by stabilization of the region of the 

dimer interface that is critical for the allosteric transition between the repressed and 

induced states 173.  If we compare the effect of the H74A mutation introduced into the 

wildtype versus K84L backgrounds, we see that it has almost no effect on induction in 

the K84L background. We see a similar trend in the M42I + K84L mutant cycle. When 
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M42I is introduced into the wildtype background, we observe slightly reduced induction 

and a stronger affinity for operator. When it is introduced into the K84L background, we 

observe higher operator affinity, but diminished induction response. 

Figure 3.5 Effector dependent epistasis in vitro. A) Epistasis in normalized YFP 

fluorescence from the in vivo datasets. As in Fig 3.2C, circles represent the magnitude of 

epistasis averaged over 50 bootstrapped datasets with standard deviation shown as error 

bars.  Lines are the magnitude of epistasis in Hill (or linear) fits. B) Epistasis in ∆𝐺𝑏𝑖𝑛𝑑

(in kcal/mol, y-axis) as a function of IPTG concentration (in M, x-axis). The solid black 

line represents the average epistasis curve from 100 sets of sampled parameters from the 

Bayesian MCMC fits, as shown in Fig 3.3. Shaded areas represent the average ±  

standard deviation. Simplified equilibria show approximately what conformations are 

appreciably populated in each region of the epistasis curve with color scheme and species 

type identical to Fig 3.4C. C) Operator binding energy (∆𝐺𝑏𝑖𝑛𝑑 in kcal/mol, y-axis) as a

function of IPTG (in M, x-axis) for each mutant cycle. Each color represents a single 

genotype. The solid represents the average binding curve over 100 sets of sampled 

parameters. Shaded areas represent the average ± standard deviation. All calculations 

were done with [protein]total = 120 nM and [operator]total = 10 nM.  
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Discussion 

Ensemble epistasis is present both in vivo and in vitro for all measured mutant 

cycles of the lac repressor. Previously we showed using simple analytical models that the 

thermodynamic ensemble could, at least in theory, give rise to epistasis under certain 

conditions and we predicted that one could detect such ensemble epistasis by looking for 

environment-dependent epistasis in real macromolecules 152. However, it was unclear 

how frequently we would be able to detect ensemble epistasis outside of simple 

computational models of proteins. Here, we show that we observe signatures of ensemble 

epistasis in an explicitly biological context by measuring effector-dependent epistasis 

between in the lac repressor protein. Thermodynamic modeling of the lac repressor 

indicates that when mutations impact different protein conformations, the relative 

populations of each conformation can change, resulting in epistasis at the level of our 

observable. 

Ensemble epistasis is likely common in real mutant cycles 

Thermodynamic ensembles are an extraordinarily general feature of biology. Such 

ensembles are often critical for biological function, from the response of transcription 

factors and cell receptors to environmental changes to post-translational modifications 

(such as phosphorylation) during signaling cascades 67–69,74. Our previous theoretical and 

computational work suggested that 1) epistasis can arise from ensembles and 2) such 

ensemble epistasis should be pervasive in biological systems where thermodynamic 

ensembles underlie an observable. It was still unclear, however, if the magnitude of 

ensemble epistasis would be detectable in a real biological system and how frequently 

pairs of mutations would exhibit it.  
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Here, we experimentally tested for effector-dependent epistasis–––a key signature 

of ensemble epistasis–––in four mutant cycles of the lac repressor protein. Our 

observable, defined as operator binding, is dependent upon the relative population of the 

high-DNA affinity (H) conformation. The relative population of H can change modulated 

by changes in the population of other ensemble conformations (Fig 3.1A). We chose 

three structurally distant mutations that were known to have different effects on different 

conformations: M42I stabilizes operator bound conformations, H74A stabilizes effector 

bound conformations, and K84L stabilizes effector and operator bound conformations, 

drastically reducing induction (Fig 3.1C, Fig 3.4A) 169,171–174. Despite no a priori 

knowledge that mutant cycles containing these mutations would exhibit ensemble 

epistasis, we observed effector-dependent epistasis in all measured mutant cycles both in 

vivo and in vitro. Our in vitro dataset revealed that the measured epistatic interactions 

were quite large, on the order of ~1-2 kcal/mol (Fig 3.4A). Because environment-

dependent epistasis was ubiquitous in measured mutant cycles, we anticipate that 

ensemble epistasis will be pervasive in mutant cycles where thermodynamic ensembles 

underlie the observable.  

There is a rapidly growing body of literature that shows that epistasis is frequently 

environment dependent in biological systems 175. For example, a recent study of the 

evolutionary transition between an ancestral dihydrocoumarin hydrolase and a derived 

methyl-parathion hydrolase showed that epistatic interactions between historical 

mutations changed both magnitude and sign depending on the presence of different 

divalent metal ions 176. Environment-dependent epistatic interactions such as this have 

been observed in diverse macromolecular systems––from catalytic RNA’s 177,178, drug 
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resistance enzymes 137,179,180, yeast tRNAs 181, cis-regulatory elements 182–184, and 

transcription factors 167,185. Environment-dependent epistasis has been observed 

extensively in more complex biological systems, for instance in experimental evolution 

experiments 136,186,187. While the definitive link to ensemble mechanisms in these studies 

is unclear, the presence of environment-dependence in macromolecular systems may 

point to an underlying ensemble mechanism. 

Ensemble epistasis is maximized where important functional transitions occur 

We found both in vivo and in vitro that the magnitude of ensemble epistasis is maximized 

under the physiological conditions where macromolecules transition between distinct, 

biologically important functions (Fig 3.3 and Fig 3.4). Here, this corresponds to IPTG 

concentrations where many conformations are populated because the system is 

transitioning from primarily the unbound and operator bound conformations to effector 

bound conformations (Fig 3.3 and Fig 3.5). Similar to previous work in the lac repressor 

and our work in the S100A4 protein, we observe switching in epistatic type, primarily 

between magnitude and sign epistasis, as we approach saturating effector concentrations 

152,167(Fig 3.5). 

Epistasis peaking in transitional regions, where conformational diversity is also 

maximized, could be profoundly important for biological function, and consequently, 

evolution 24,124,175,188,189. Conformational diversity has been linked to many important 

topics in evolutionary biology: phenotypic plasticity 190,191, increased rates of evolution 

192, and increased robustness and evolvability 189,193. A recent study compared the 

trajectories of E. coli rpoB mutants under fluctuating antibiotic concentrations to those 
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constant antibiotic concentrations. In addition to pervasive environment-dependent 

epistasis, they found that there was more diversity in the solutions to survival in the 

fluctuating environments, indicating that there were more paths accessible, and that 

specific mutational trajectories were contingent upon intermediate environments, 

meaning that those trajectories are only accessible if an intermediate environment was 

encountered 179. Ensemble epistasis may therefore be a pervasive type of epistasis that 

couples mutational effects to environmental changes, thus strongly shaping evolution.  

The facilitation of evolvability by the thermodynamic ensemble may mirror what 

has been found in more complex biological systems. For example, intrinsically 

disordered regions of the Potato virus Y (PVY) Viral genome-linked (VPg) protein were 

found to be critical to evolve to overcome host resistance, whereas VPg proteins 

engineered to be less disordered were unable to restore host infection 194. While the 

importance of ensemble epistasis in evolution remains to be shown, one might test for it 

in a similar way, by comparing the adaptive capacity of a protein with and without an 

ensemble. 

Other possible origins of epistasis 

In this study we were able to understand the molecular origins of epistasis by 

pairing careful biochemical experiments with thermodynamic modeling (Fig 3.3-3.5). 

There are, of course, many other forms of intramolecular epistasis, e.g., direct 

electrostatic contacts between amino acids and threshold epistasis24. Here, we focused on 

a specific mechanism, ensemble epistasis, by choosing mutations that were structurally 

distant (Fig 3.1B). 
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Other mutant cycles of the lac repressor and different systems may exhibit 

multiple types of epistasis simultaneously. Further work is needed to distinguish different 

mechanisms of epistasis that underlie specific patterns, which will require detailed 

structural and biochemical studies in simple macromolecular systems. If mutational 

effects on the equilibrium constants that dictate the relative populations of each 

conformation are known and fully resolved, we expect that the effects on equilibrium 

constants will be additive in the absence of epistasis arising from physical interactions. 

Thus, one might distinguish ensemble and contact mechanisms of epistasis looking for 

leftover non-additivity at the level of equilibrium constants.  

We might improve phenotype prediction by accounting for protein biochemistry 

Moving forward, we might increase the accuracy of phenotype predictions by 

accounting for the biochemical and biophysical properties of macromolecules. In the 

instance of ensemble epistasis, it has historically been difficult, if not impossible, to 

experimentally measure the properties of the conformational ensembles of a single 

protein, let alone the tens-thousands that might be required to uncover the relationship 

between mutations and a specific ensembles energetic configuration. One avenue might 

be to use a combination of molecular dynamics simulations and biophysical 

measurements 107,195. This too, however, can become intractable for larger, more complex 

proteins.   

Recently, an approach was taken that applied a thermodynamic model to ligand 

binding in the bacterial GB1 protein 39. The authors were able to describe a large portion 

of the observed epistasis by applying a three-conformation model to their dataset, 

accounting for the stability differences between folded and unbound, folded and bound, 
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and unfolded structures upon mutation. This approach explained much of the nonlinearity 

in their dataset and yielded previously unknown information about the number of 

conformations describing the GB1 protein ensemble. 

Key questions remain about ensemble epistasis in biology. How common is it in 

other biological systems? How high order do such interactions go? Do we need to 

account for it to gain a deeper, more predictive understanding of biology?  To begin 

answering these questions one could scale up our approach by pairing thermodynamic 

modeling with quantitative high-throughput experimental measurements of effector-

dependent phenotypes to characterize many mutant cycles at once. Recent advances in 

high-throughput protein characterization methods make these question experimentally 

tractable, as it is now possible to characterize hundreds to tens of thousands of proteins at 

once 196–199. 

Conclusions 

Our work shows that effector-dependent epistasis––a key signature of ensemble 

epistasis––is pervasive in mutant cycles of the lac repressor protein in an explicitly 

biological context. The role of ensemble epistasis in shaping biology and evolution 

remains to be seen, but we anticipate that it can profoundly influence how 

macromolecules and organisms respond to environmental changes. Our results show that 

its magnitude is large enough to be detected in vivo and that all combinations of 

mutations investigated gave rise to effector-dependent epistasis, though we had no a 

priori knowledge that these pairs would give rise to ensemble epistasis. We also found 

that ensemble epistasis peaks in regions that are critical for important biological functions 

upon environmental perturbations, such as presence of an effector. We expect that 
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ensemble epistasis is as ubiquitous and fundamental of a feature in shaping biology as 

thermodynamic ensembles.  

Materials and methods 

Molecular biology and plasmid construction 

For all in vitro measurements, we used the tetrameric wildtype lac repressor gene 

in the plasmid phg165c which obtained from Dr. Liskin Swint-Kruse’s lab (addgene 

plasmid #90058) 170. The naturally occurring T109 isoform was used as the wildtype 

genetic background for all measurements. We used the Quikchange lightning 

mutagenesis kit to introduce the following four mutations in the lac repressor protein in 

all possible combinations: M42I, H74A, and K84L. All eight lac repressor mutants were 

cloned into the pBAD vector with a C-terminal His-tag using a sequence and ligation 

independent cloning (SLIC) protocol. His-tagged lac repressor pBAD constructs were 

transformed into ccdB Survival T1R cells for expression. 

For all in vivo measurements, we cloned the wildtype lac repressor sequence into 

the PAM5087 vector (addgene plasmid #85123) downstream of the constitutive lacIq 

promoter using SLIC cloning 200. The PAM5087 vector contains the YFP gene 

downstream of the O1 lac operator sequence and a trc promoter. We generated a wildtype 

repressor construct c-terminally tagged with the mCherry protein. A 24 amino-acid rigid 

linker sequence (GSLAEAAAKEAAAKEAAAKAAAAS) was cloned in frame between 

the two genes to prevent protein-protein interactions 201. The mCherry-tagged wildtype 

lac repressor gene was then cloned into the PAM5087 vector. All eight genotypes were 

cloned upstream of the mCherry gene. Finally, we created a DEL construct in the 

PAM5087 background by introducing an N-terminal stop codon in the wildtype lac 
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repressor protein. All PAM5087 constructs were transformed into BLIM cells for all in 

vivo experiments. 

Protein expression and purification 

For protein expression, we inoculated 1.5 L 2xYT (24 g/L Tryptone, 15 g/L Yeast 

Extract, 7.5 g/L NaCl) supplemented with 50 μg/mL kanamycin with a 1:100 dilution of 

overnight cultures grew at 37℃, 250 RPM until an OD600 between 0.4-0.6 was reached. 

Protein expression was induced by addition of 0.2% (v/v) L-arabinose and 0.2% glycerol. 

Cultures were grown for three hours at 37℃, 250 RPM. Cells were harvested by 

centrifugation at 3000 RPM, 4℃. Cell pellets were resuspended in HisA buffer (46.6 mM 

Na2HPO4, 3.4 mM NaH2PO4, 500 mM NaCl, 20 mM imidazole, 2.5% glycerol, pH 8.0) 

supplemented with 17.5 U lysozyme/g pellet and 17.5 U DNaseI/g pellet (ThermoFisher, 

90082 and 900823). Cells were lysed using sonication with a 30% duty cycle and 55% 

amplitude in an ice slurry. Lysate was loaded onto two connected 5 mL HisTrap HP 

columns (Sigma, GE17-5248-02). Protein was purified using an ion exchange gradient 

protocol by washing with 30 mL HisA buffer and eluting using a 70 mL gradient to 100% 

HisB (46.6 mM Na2HPO4, 3.4 mM NaH2PO4, 500 mM NaCl, 500 mM imidazole, 2.5% 

glycerol, pH 8.0) on an AKTA Prime FPLC at 4℃. Fractions containing eluted protein 

were pooled and dialyzed into Binding buffer (42.24 mM Na2HPO4, 7.75 mM NaH2PO4, 

150 mM NaCl, 1 mM TCEP, 10% glycerol, pH 7.6) overnight at 4℃. Purified protein 

stocks were confirmed to be >90% pure by SDSPAGE. Protein stocks were flash frozen 

as pellets in liquid nitrogen and stored at -80℃.  
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In vivo expression assays 

All 16 lac repressor mutants downstream of the lacIq promoter in the PAM5087 

vector, which contains the YFP gene downstream of the O1 operator. Each construct was 

transformed into BLIM cells (Addgene bacterial strain #35609). BLIM cells are derived 

from BL26 Blue cells (Novagen) with both the lac operon and F’ episome, which 

contains the lac repressor gene, removed 202. LB media supplemented with 50 μg/mL 

kanamycin were inoculated from PAM5087 construct glycerol stocks and grown at 37℃, 

250 RPM overnight. Overnight cultures were used to inoculate 10 mL cultures in pre-

growth M9 media (47.8 mM Na2HPO4, 22 mM KH2PO4, 8.6 mM NaCl, 18.7 mM NH4Cl, 

10 mM NaHCO3, 0.0025% (w/v) thiamine-HCl, 0.2% (w/v) Casamino Acids, 0.01X 

Basal Eagle Medium, 0.04% glycerol, 2 mM MgSO4, 1 mM CaCl2) supplemented with 

50 μg/mL kanamycin. Pre-growth cultures were grown for 5-6 hours at 37℃, 250 RPM. 

Black-walled clear-bottom 96-well plates (Corning Catalog #: 9018) were filled with 180 

μl of overnight M9 media (47.8 mM Na2HPO4, 22 mM KH2PO4, 8.6 mM NaCl, 18.7 mM 

NH4Cl, 10 mM NaHCO3, 0.0025% (w/v) thiamine-HCl, 0.2% (w/v) Casamino Acids, 

0.01X Basal Eagle Medium, 0.8% glycerol, 2 mM MgSO4, 1 mM CaCl2) supplemented 

with 50 μg/mL kanamycin. We added varying amounts of IPTG to overnight M9 media 

to achieve the following final concentrations: 0 nM, 50 nM, 10 uM, 50 uM, 500 uM, 1 

mM, 5 mM, 10 mM, 50 mM, and 500 mM. Wells were inoculated with 20 μl of each pre-

growth culture. Clear lids with condensation rings (Millipore Sigma Catalog #: CLS3931-

50EA) were sealed onto plates with parafilm to minimize evaporation. The plate reader 

(Synergy H1) was pre-heated to 37℃ and YFP fluorescence (485 nm/530 nm, gain = 

100, measurements/data point = 10), mCherry fluorescence (575 nm/610 nm, 
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measurements/data point = 10), and OD600 (measurements/data point = 8) measurements 

were taken for 16 hours at intervals of 20 minutes (read height = 7 mm, continuous 

double orbital shaking at frequency = 282 cpm). 

In vivo data processing 

After blank subtraction we fit a 2nd-order polynomial to each biological replicate 

so that we could average normalized data at specific OD600 values across replicates. We 

normalized each replicate using the polynomial fit from a positive control cell line that 

contains the PAM5087 plasmid but lacks the lac repressor, representing the maximum 

level of YFP fluorescence possible under each experimental condition. All downstream in 

vivo analyses were conducted at an OD600 ~ 0.53, near mid-log phase. We then fit each 

dataset to a Hill model or linear model, using an AIC test for model selection. The Hill 

model was defined as follows: 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑌𝐹𝑃 = 𝑌𝐹𝑃𝑚𝑎𝑥 × (
𝑥𝑛

𝐾𝑑 +  𝑥𝑛
) + 𝑌𝐹𝑃𝑚𝑖𝑛 

where YFPmax corresponds to the maximum YFP fluorescence measured, x is the IPTG 

concentration, Kd is the apparent dissociation constant, n is the Hill coefficient, and 

YFPmin is the minimum YFP fluorescence measured. For the AIC test, we calculated AIC 

score for the Hill model and the linear model as follows: 

𝐴𝐼𝐶 = 2𝑘 − 𝑑 × log (
𝑅𝑆𝑆

𝑑
) 

where k is the number of model parameters (kHill = 3, klinear = 2), d is the number of 

observations, and RSS is the sum of squared residuals, or the discrepancy between the 

observed data and the values predicted by the model. The AIC scores for each model 

were compared and we selected the model with the lower AIC score.  
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Estimating lac repressor concentrations in vivo 

To estimate the concentration of the lac repressor in the in vivo experiments, we 

took an approach similar to Sochor et al 168. We cloned the lac repressor-mCherry 

construct into pBAD with a c-terminal His-tag and purified the protein as above with the 

untagged constructs. We constructed a BSA calibration curve using SDSPAGE and gel 

densitometry. We then used the linear relationship between band density and protein 

concentration to estimate the concentration of the purified lac repressor-mCherry stock. A 

calibration curve between protein concentration and mCherry fluorescence was 

constructed by serially diluting the protein concentration stock (on the same day as the 

protein concentration vs band density calibration curve) and measuring mCherry 

fluorescence (excitation: 575 nm, mission: 610 nm) in 96-well black-walled clear-bottom 

plates (Corning Catalog #: 9018). The linear relationship between concentration and 

emission intensity at 610 nm was used to convert mCherry signal in all in vivo 

experiments to protein concentration per well. 

We converted the concentration of lac repressor per well to an intracellular 

protein concentration following an approach similar to Sochor et al 168. Briefly, we 

measured the OD600 for serial dilutions of BLIM cells in 96-well black-walled clear-

bottom plates (Corning Catalog #: 9018). We then plated each aliquot on LB agar 

supplemented with KAN. We fit a line to the data to determine the relationship between 

OD600 on the plate reader and number of cells. We used this calibration curve to calculate 

the number of cells per well in all in vivo experiments.  

We estimated the intracellular volume of an E. coli cell to be 1x10-15 L 

(168,203Sochor, Kubitschek & Friske, 1986). The intracellular volume per well was found 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4121545/#ref-8
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by multiplying the number of cells in each well by the intracellular volume. The 

intracellular protein concentration was then calculated by dividing the concentration of 

Lac-mCherry per well by the intracellular volume per well. This represents the total 

concentration of intracellular protein able to bind the O1 operator sequence.  

Fluorescence polarization measurements 

Thawed protein pellets were buffer exchanged into fresh 1X Binding Buffer three 

times at 15℃, 5000 RPM (42.24 mM Na2HPO4, 7.75 mM NaH2PO4, 150 mM NaCl, 1 

mM TCEP, 10% glycerol, pH 7.6) using 3 kDa Microsep centrifugal filters (Pall 

Corporation, #MCP004C41). Scatter-corrected protein concentrations were calculated 

using A280, A320, and A340 measurements.  Lac repressor titrations were prepared in 

triplicate technical replicates for each biological replicate in black 96-well plates 

(ThermoScientific catalog #265301). IPTG in 1X Binding Buffer was added to each well 

to achieve one of the following final concentrations: 0 mM, 0.1 mM, 0.3 mM, or 1 mM. 

An 18-mer oligo tagged at the 5’ end with fluorescein, FI-Oid (5’-

[FI]ATTGTGAGCGCTCACAAT-3’) was ordered HPLC purified from Eurofins MWG 

and resuspended to 100 μM in 1X TE (pH 8.0) 204,205. Resuspended FI-Oid was annealed 

at a final concentration of 10 μM dsDNA using a thermocycler as follows: 1) 1 cycle at 

95℃, 5 minutes 2) 70 cycles at 95℃ (-1℃/cycle), 1 minute/cycle. Annealed, double-

stranded FI-Oid was then diluted to 100 nM in 1X Binding Buffer and added to each well 

to achieve a final concentration of 10 nM. Plates were kept covered to protect the 

fluorescent probe from light and degassed in a temperature-controlled centrifuge pre-

equilibrated to 29℃ at 300 rcf for 15 minutes. The plate reader (Spectramax i3 equipped 

with a fluorescence polarization detection cartridge) was pre-equilibrated to 29℃ for all 
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experiments. After degassing, samples were shaken in the temperature-equilibrated plate 

reader (medium orbital) for 15 minutes to ensure the binding reaction reached 

equilibrium. Fluorescence polarization measurements were taken at an excitation 

wavelength of 485 nm and an emission wavelength of 535 nm, 6 flashes per read, and 

500 ms integration time.  Each plate contained four blank wells containing only buffer 

plus 10 nM FI-Oid and either 0, 0.1, 0.3, or 1 mM IPTG. We calculated a ∆mP value, 

corresponding to the change in polarization upon the addition of protein, by subtracting 

the blank from each polarization measurement. We fit the ∆mP values with a single-site 

binding model to obtain fractional saturation of operator as a function of protein 

concentration under each IPTG condition.  

Lac repressor ensemble modeling 

To extract information about the conformations populated by the lac repressor, we 

used a previously validated thermodynamic model of the lac respressor ensemble168. This 

model describes the lac repressor with two conformations—high (H) and low (L) DNA 

affinity—each of which can form a complex with effector (E) or DNA (D). Because the 

lac repressor behaves as a dimer, the repressor dimer can populate states with no effector 

bound, one effector bound, or two effectors bound. A single dimer binds to a single DNA 

molecule, meaning each lac repressor is bound to DNA bound or free states. The model 

assumes the receptor remains a dimer under all conditions. Overall, this model has 16 

possible species and five equilibrium constants.  

We implemented this model as a function that returns the concentrations of all 

relevant species given the values of the thermodynamic parameters and total species 

concentrations of effector, DNA, and lac repressor. This function encodes the 
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thermodynamic relationships derived by Sochor et al. and enforces mass-balance 

relationships (e.g. the concentrations of the free and bound DNA species must sum to the 

total DNA concentration)168. Internally, this function guesses values for free effector and 

then iterates to self-consistency between the thermodynamic and mass-balance 

relationships. The software implementing this method—written in a combination of the C 

and Python programming languages— is available online at 

https://github.com/harmslab/lacmwc.   

To estimate the values of the thermodynamic parameters consistent with our 

binding and induction data, we used a Bayesian Markov-Chain Monte Carlo (MCMC) 

strategy to sample over parameter combinations. We analyzed all experimental conditions 

simultaneously for each genotype, globally estimating the thermodynamic parameters for 

each genotype. We used the following likelihood function: 

ℒ = −
1

2
∑ [

(𝜃(𝑝⃗, 𝑐)𝑖,𝑐𝑎𝑙𝑐 − 𝜃𝑖,𝑜𝑏𝑠)
2

𝜎𝑖
2 + 𝑙𝑛(2𝜋𝜎𝑖

2)]

𝑖

 3. 

where θi,obs and σi are the mean and standard deviation of the measured fractional saturation 

at condition i; θi,calc is the calculated fractional saturation under these conditions given a 

vector of parameters and total concentrations. We constrained all equilibrium constants to 

greater than zero; otherwise, we used uninformed priors. We generated 4000 MCMC 

samples from 10 MCMC walkers for each genotype, discarding the first 40 as burn in. We 

checked for convergence by comparing results from multiple independent runs. We 

propagated our Bayesian MCMC samples forward through all downstream population and 

epistasis analyses, leading to the “clouds” of fit lines in all estimates. We used the emcee 

3.1.0206 and the “likelihood” python libraries (https://github.com/harmslab/likelihood) for 

https://github.com/harmslab/lacmwc
https://github.com/harmslab/likelihood
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these calculations. We implemented our model in Python 3.9 extended with numpy 

1.21.1207, pandas 1.3.2208,and scipy 1.6.2209.  

Far-UV CD Spectroscopy 

Far-UV circular dichroism spectra (200–250 nm) were collected on a Model J-

815 CD spectrometer (Jasco) with a 1 mm quartz cell (Starna Cells, Inc.) at 25°C. We 

prepared samples for the untagged and mCherry-tagged wildtype lac repressor constructs 

at a concentration of 5 μM in 1X Binding Buffer. We collected three scans and averaged 

to reduce noise. A buffer blank was subtracted from each spectrum and the raw ellipticity 

was converted to mean molar ellipticity using protein concentrations and the residue 

length per construct.  

 

Bridge to Chapter IV 

 

In Chapters II and III, we showed how one can use a combination of theory, 

computation, and experiment to understand how the molecular properties of proteins 

shape biology and evolution. Chapter III specifically tested hypotheses generated from 

theoretical and computational explorations of the relationship between the 

thermodynamics of macromolecular ensembles and epistasis. We observed signatures of 

ensemble epistasis––environment-dependent epistasis––both in vivo and in vitro for the 

lac repressor protein. We found that all mutant cycles measured showed evidence of 

ensemble epistasis and used thermodynamic models to understand the origins of each 

epistatic signal. An important outcome of this chapter is that ensemble epistasis is of a 

magnitude that is 1) large enough to be measured in an explicitly biological context, 

meaning that it likely shapes biology and 2) it appears to be very common in mutant 
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cycles, suggesting that it may be pervasive in biology.  The work in Chapter IV we again 

combine theory and experiment to understand how biochemistry and epistasis more 

generally shape the evolution of new protein functions in GFP-like proteins from Faviina 

corals. In Chapter IV, simple theoretical models led us to hypothesize that the properties 

of evolution in large genotype-phenotype maps may be fundamentally different than 

those in the currently studied small genotype-phenotype maps. This informed our 

decision to study a natural evolutionary transition in function that occurred over 15 

substitutions, resulting in a map that is 96X bigger than the largest currently available 

dataset. From our current dataset where we have sparsely sampled the full genotype-

phenotype map, we find that 1) green fluorescence is a much more common phenotype 

than red fluorescence, 2) the effects of mutations are highly background-dependent, and 

3) epistasis in 2-site maps is pervasive. 
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CHAPTER IV 

 

MEASURING THE GENOTYPE-PHENOTYPE MAP FOR AN EVOLUTIONARY 

TRANSITION IN CORAL FLUORESCENCE COLOR 

 

Author Contributions 

Anneliese Morrison and Michael Harms conceptualized the study and designed 

experiments. Michael Harms acquired funding for the study. Anneliese Morrison 

performed the experiments. Michael Harms administered the project. Anneliese Morrison 

and Michael Harms analyzed the data. Anneliese Morrison constructed figures. Anneliese 

Morrison wrote the chapter. 

 

Introduction 

A complete, predictive understanding of how proteins acquire new functions is a 

central goal of molecular evolution and protein engineering. Achieving this requires 

detailed knowledge of the map evolution navigates––the genotype-phenotype map––and 

where key sources of unpredictability––such as epistasis, or when the effect of a mutation 

depends on the presence or absence of other mutations––come from. The connectivity of 

the genotype-phenotype map is determined by universal physical and biochemical rules. 

Ultimately, this defines what is––and is not––accessible to evolution by shaping 

evolutionary trajectories through viable, functional genotypes while avoiding non-

functional genotypes. 
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We can use a simple “word game” to illustrate how the distribution of function 

shapes evolution in protein sequence space, where we transform one word into another by 

changing a single letter at a time210  (Fig 1A). English words are analogous to protein 

sequences, and single letter changes are analogous to mutations. For the word space in 

Fig 1, we can see that “evolving” from WORD to GENE is heavily constrained by how 

meaningful (or functional) intermediate words are. Because there are so few meaningful 

words (only 7 out of 24=16), only one out of 24 (4!) possible trajectories are accessible.  

Though protein sequence space is vast, experimental studies of combinatorially 

complete binary genotype-phenotype maps have been technically limited to small 

volumes of sequence space, i.e., on the order of three to nine substitutions, or 23=8 

genotypes 211 to 29=512 genotypes7. Such studies have broadly led to the conclusions 

about protein sequence space that suggest 1) it is heavily constrained by epistasis and 2) 

there are very few accessible evolutionary 

trajectories7,17,23,26,27,41,44,55,56,103,122,128,131,132,136,145,146,211–221. 

Many naturally evolved traits occurred over the span of many mutations, 

requiring an evolutionary search of vast regions of the genotype-phenotype map.  

Theoretical and computational work suggests that larger genotype-phenotype maps may 

have important consequences for protein evolution: vast “neutral” networks of connected 

genotypes with nearly identical phenotypes may arise due to the scaling relationship 

between the number of genotypes (2L) and the number of forward trajectories (L!), 

potentially rendering many evolutionary trajectories accessible222–227 (Fig 4.1B-C). This 

means that studies of small genotype-phenotype maps may be insufficient to understand 

protein evolution. Our simple theoretical simulations shown in Fig 4.1C tell us that we 
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may need to measure much larger genotype-phenotype maps (i.e., L>12) to understand 

more general features of natural protein evolution. 

The current lack of data for high-dimensional genotype-phenotype maps leaves 

many open questions. How do biochemical constraints shape the distribution of function 

in large genotype-phenotype maps?  Do features like neutral networks and indirect paths 

increase the accessibility of novel phenotypes? How does the size and connectivity of 

neutral networks change as a function of map size? How does high-order epistasis impact 

accessibility as we increase map size? Does the magnitude of epistasis decrease with 

increasing map size, i.e., do 14th-order epistatic interactions matter? 

In this chapter, we set out address this gap by exhaustively characterizing a 

combinatorially complete 15-site genotype-phenotype map for a natural evolutionary 

transition in fluorescence color in GFP-like proteins from Faviina corals98,228. To 

accomplish this, we developed a quantitative sort-and-sequence (sort-seq) protocol to 

measure the green and red fluorescence intensity of tens of thousands of pooled variants 

by combining fluorescence activated cell sorting with next generation sequencing. In our 

first biological replicates, we characterized ~7% (3,676 out of 49,152 genotypes) of the 

full genotype-phenotype map. We find that a large fraction of the measured genotype-

phenotype map exhibits green fluorescence (~79%), while only ~1.5% exhibit red 

fluorescence. The remaining ~20% of observed genotypes exhibit completely broken 

chromophores. As we progress through the evolutionary trajectory by the introduction of 

derived amino acids, we see a trend towards decreased green fluorescence and increased 

red fluorescence. There are extensive background-dependent effects of single mutations 

in both phenotypes, for example, more mutations are beneficial for redness when 
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introduced into the Q62H background vs when introduced into any genetic background. 

We find extensive pairwise and third-order epistasis between mutations. Finally, we 

observe all types of evolutionarily important classes of epistasis, indicating that the 

genotype-phenotype map may be fairly rugged. 

 

Fig 4.1 Protein evolution in large genotype-phenotype maps may have different 

properties than small maps. A) An illustration of John Maynard Smith’s word game 

between WORD (black) and GENE (blue). Transparent intermediate words are non-

meaningful, while fully opaque words are meaningful. Connections that lead to/from 

non-meaningful words are greyed out, while those that connect meaningful words are 

black. B) An illustration of the scaling-relationship between the number of sites (L, x-

axis) in a genotype-phenotype map and the number of genotypes (green) and forward 

trajectories (blue) (log-scale, y-axis). C) A simple theoretical result showing the 

relationship between the probability of traversing a genotype-phenotype map (y-axis) and 

the fraction of viable genotypes (x-axis) for different map sizes of 2L, where L=5 (slate 

blue), 7 (green), 9 (light blue), 15 (red).  

Materials and Methods 

Library design and construction 

The ancestral GFP-like protein gene was cloned into the pQE-30 plasmid 

(Qiagen, Appendix C Supplementary Section 1 and Supplementary Fig C1)229. It was 

cloned C-terminal to the EBFP2 gene and expressed as a fusion protein. A rigid alpha-

helical linker sequence was (GSLAEAAAKEAAAKEAAAKAAAAS) inserted between 

the two fluorescent proteins to reduce Förster resonance energy transfer (FRET) between 
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them201,229 (Appendix C, Supplementary Fig C2).  Following closely to Sarkysian et al, 

we designed our construct so that we could link each genotype with a unique 25 base pair 

“molecular barcode” at the C-terminal end of the protein coding sequence229. We added 

several restriction sites throughout the construct (NheI at the N-terminus and EagI/NotI 

C-terminal to the molecular barcode) and took advantage of naturally occurring 

restriction sites (FspI, SfoI, BseYI, BsaAI, PvuII, and BbsI) to do barcode association 

experiments, which are described in more detail in the next section (see Appendix C, 

Supplementary Fig C1-C2 for construct design). We cloned the following constructs into 

the pQE-30 vector as non-fusion proteins (i.e., lacking the EBFP2-rigid linker sequence) 

to serve as fluorescence minus one (FMO) controls in all FACS experiments: pQE-30-

EBFP2, pQE-30-AncestralGFP, and pQE-30-AncestralDerived. 

For library construction, the ancestral GFP-like protein sequence was codon-

optimized for expression in E. Coli. We ordered a combinatorially complete library with 

all 15 mutations introduced into the ancestral GFP-like protein background from 

Genewiz using combinatorial trimer synthesis technology (Fig 4.2A, Appendix C 

Supplementary Table C1)53. Trimer synthesis allowed us to control the frequency of 

amino acid at each of the 15 sites, for example, at binary sites the ancestral and derived 

site frequencies should be around 50%, while at the triple site each amino acid should be 

around 33.3%. Molecular barcodes were added during gene synthesis by addition of 25 

degenerate nucleotides C-terminal to the GFP-like library (Appendix C, Supplementary 

Fig C2). After gene synthesis, the entire library was cloned into the pQE-30-EBFP2 

vector, downstream of the rigid linker sequence (Appendix C, Supplementary Fig C1). 

The library was transformed into XL10-Gold ultracompetent cells and stored at -80°C as 
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individual 200 𝜇l glycerol stocks for sort-seq experiments. The final library diversity was 

estimated to be around 1,000,000 clones, meaning that there are approximately 1,000,000 

unique barcodes in our library that map to the known 49,152 library sequences.  

Barcode association 

Because we were technically unable to sequence entire length of the GFP-like 

protein using current next generation sequencing technology, we used paired-end next 

generation sequencing platforms (Illumina Miseq paired-end 300 and Illumina NovaSeq 

paired-end S1 300 cycle and S4 300 cycle) to construct a mapping between each library 

variant and its corresponding unique 25 bp molecular barcodes. The library was digested 

into five fragments by incubating library DNA per digest at 37°C overnight with the 

following restriction enzymes: FspI-HF/EagI-HF (producing a 724 bp fragment), SfoI-

HF/EagI-HF (620 bp), BseYI-HF/EagI-HF (498 bp), BbsI-HF/EagI-HF (352 bp), BsaAI-

HF/EagI-HF (320 bp), and PvuII/BbsI/EagI (209 bp). This produced five fragments of the 

library physically linked to molecular barcodes (see Appendix C, Supplementary Fig C2). 

Fragments were run on a 1% agarose gel at ~80V until resolved and purified using a gel 

extraction and purification kit (GeneJet Catalog #: K0691). Purified fragments were 

prepared for Illumina sequencing using a PCR-free workflow via blunt-end ligation of 

Illumina TruSeq-like adapters to each fragment (KAPA HyperPrep Kit, Roche). A PCR-

free workflow is critical for preparation of these samples, as we saw evidence of 

extensive PCR crossover when any amplification steps were included in our workflow 

because the GFP-like protein library is low diversity. We modified a single step in the 

protocol provided by the kit: we extended the blunt-end ligation to be overnight at 4°C 
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instead of 20 minutes at 20°C. We found that extending this step improved the overall 

yield of adapter-ligated fragments. Post adapter ligation, we purified each reaction using 

a 1.2X bead-cleanup (Omega Bio-Tek MagBind TotalPure NGS beads, SKU #: M1378-

01). Some samples required an additional bead clean up or a BluePippin size selection 

step to remove residual adapter dimer.  

We prepared custom Python sequencing analysis scripts that mapped each GFP-

like protein fragment to its unique molecular barcode and then aligned fragments with 

identical barcodes to reconstruct full-length variant sequences.  

1. All paired-end sequences underwent the following quality control steps: 

a. Any bases with a phred score below 5 were replaced with ‘N’’s to indicate 

that they are ambiguous.  

b. Both the forward/reverse reads must match (within 1 base pair) the expected 

5’/3’ sequence. 

c. Reverse reads must be long enough to “gap” the sequence correctly (i.e., is 

Y217 present or not). 

d. The spacer region between the GFP-like gene and the barcode must be 

identical in length and within 3 base pairs of the expected sequence. 

e. The barcode must have a length of 50 base pairs and all must be unambiguous 

(i.e., must have phred score > 5). 

f. Sequences meeting the above criteria were gapped to account for the 

presence/absence of Y217 and aligned to the reference (ancestral GFP) 

sequence.  
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g. The identities of aligned sequences were then extracted for all 15 postions in 

the library by comparing the aligned sequence to the ancestral GFP reference 

sequence to identify if the sites were ambiguous, ancestral, or derived. 

h. If the forward and reverse read identities differed at more than 10% of the 

sites, both sequences were thrown out. 

2. Amino acid sequences passing QC were mapped to their corresponding 25 base pair 

barcode  

3. All barcodes were clustered with Bartender using a hamming distance of 3230. All 

sequences corresponding to the same barcode “centroid” were averaged, where a 

centroid is the consensus barcode sequence for all clustered barcodes. Positions in 

each sequence were counted as ambiguous (represented by ‘?’) if the frequency of a 

given position in the consensus sequence was below 90%. 

Out of the 373,556,262 sequences that passed quality control, we observed 9,060,526 

unique barcodes prior to clustering and 2,203,019 unique centroids after clustering. 

Barcode centroids mapped to 161,365 ambiguous sequences and 25,349 unambiguous 

sequences. 

Library expression and photoactivation 

To begin expression, we used glycerol stocks of each construct to inoculate a 10 

mL culture of LB supplemented with 35 𝜇g/mL CAM and 100 𝜇g/mL AMP. Starter 

cultures were incubated at 37°C, 250 RPM overnight. In the morning, starter cultures 

were used to inoculate a culture for protein expression. Newly inoculated cultures were 

grown at 37°C, 250 RPM in 50 mL LB supplemented with 35 𝜇g/mL CAM and 100 
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𝜇g/mL AMP until an OD600 of ~0.4-0.8 was reached. Expression was then induced by the 

addition of 1 mM IPTG. Cultures were incubated at 37d°C, 250 RPM for 4 hours. Cells 

were then pelleted at 5000 RPM, 4°C for 10 minutes. The supernatant was discarded, and 

the pellet was resuspended in 1X PBS supplemented with 1% BSA that was pre-chilled to 

4°C. The library (and all compensation controls––for example, pQE30-DerivedGFP) was 

then photoactivated for 10 minutes at room temperature while stirring under UV 

flashlight (385-395 nm) supplied with new batteries for each experiment (uvBEAST 

Black Light UV Flashlight, Amazon Catalog #: B078Y6G469). Prior to each sort-seq 

experiment, we checked that the extent of protein expression and photoactivation was 

comparable to past experiments by measuring the emission spectra of each construct (for 

blue fluorescence: ex = 383 nm, em = 400-500 nm; for green fluorescence: ex = 490 nm, 

em = 500-590 nm; and for red fluorescence: ex = 550, em = 560-620 nm). All spectra 

were measured on a SpectraMax i3 plate reader in 96-well black-walled, clear-bottomed 

plates (ThermoScientific item #: 265301). 

For two of the biological replicates of the sort-seq experiment, we used a plating 

method to pre-culture the library prior to expression. We streaked out the library from 

glycerol stocks onto 15 mm LB agar/CAM/AMP plates and incubated them overnight at 

37°C. In the morning, we resuspend colonies in ~20 mL LB/CAM/AMP and used the 

resuspension to inoculate 50 mL LB/CAM/AMP for expression. All subsequent steps 

were identical to the liquid overnight culture method. We found that the only difference 

between preparing the library on solid media vs liquid agar was that we observed a small 

“high blue” population in our FACS data. Upon sorting and sequencing ~10 such cells, 

we found that these either had extensive rearrangements in the plasmid (i.e., EBFP2 
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inserted in the middle of the GFP sequence) or did not prime, indicating that these 

suffered from rearrangements as well (see Appendix C, Supplementary Fig C4). 

Fluorescence activated cell sorting 

 All FACS experiments took place on the same day as protein expression. Each 

experiment required the expression of the GFP-like protein library as well as several 

FMO compensation controls: pQE-30 (empty) as a negative control, pQE-30-EBFP2, 

pQE-30-AncestralGFP, and pQE-30-DerivedGFP (photoactivated). After photoactivation 

of the library and the pQE-30-DerivedGFP construct, all constructs were washed two 

times as follows: pellet at 5000 RPM, 4°C for 5 minutes, discard supernatant, and 

resuspend in ~20 mL pre-chilled 1X PBS supplemented with 1% BSA. The OD600 of 

each sample was measured on a SpectraMax i3 plate reader in 96-well black-walled, 

clear-bottomed plates (ThermoScientific item #: 265301). These samples were then 

diluted to an OD600 of ~0.1 in 10 mL pre-chilled 1X PBS supplemented with 1% BSA. 

These samples were placed on ice until FACS experiments were performed. All FACS 

experiments were started within an hour of preparing samples.  

 To characterize the fluorescence of each variant in the GFP-like protein library, 

we performed three biological replicates of the FACS experiments, where we sorted cells 

based on green and red fluorescence intensity. All FACS experiments were done on a 

SONY SH800 cytometer. We used the 405 nm, 488 nm, and 561 nm lasers with the FL1 

(450/50, blue channel), FL2 (510/20, green channel), and FL3 (585/30, red channel) 

detectors and 100 𝜇m sorting chips. The sample and sorting chambers were set to 5°C 

and sample agitation was turned on. We performed compensation using all FMO 
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controls, i.e., an autofluorescence negative control (pQE-30 (empty)), an EBFP2 control 

(pQE-30-EBFP2), a green GFP-like protein control (pQE-30-AncestralGFP), and a red 

GFP-like protein control (pQE30-DerivedGFP, photoactivated). After compensation, we 

measured ~5000 events for rainbow calibration beads, which were prepared by addition 

of ~2-3 drops of beads to 1-2 mL 1X PBS/1%BSA (Spherotech Catalog #: RCP-30-5A). 

We included this control to measure variation in signal (from the cytometer hardware 

rather than biological sample variation) for experiments run on different days. We found 

there was not a significant change in signal intensity for each sort-seq experiment 

(Appendix C, Supplementary Fig C3). We then proceeded to two-way cell sorting. First, 

we used a linear gate to select the cell population that exhibited homogeneous EBFP2 

fluorescence as a control to ensure that variation in green or red fluorescence intensity 

was due to changes in the GFP-like protein, not differences in protein expression. This 

“normal blue intensity” cell population represented >95% of the entire cell population. 

Cells in the “normal blue intensity” population were then sorted into 5-6 separate 

populations based on their intensity in the green channel and 4-5 populations based on 

their intensity in the red channel. We used FACS data for ten randomly selected clones 

from the library to determine the approximate width of the fluorescence distributions for 

our system. We used this to inform how many bins we used in each channel. We sorted 

between 500,000 to 1,000,000 events per gate. All two-way sorting was done into 5 mL 

Eppendorf tubes containing 1 mL pre-chilled 1X PBS/1% BSA. All gates were selected 

evenly across the logarithmic scale. We additionally sorted cells with low green 

fluorescence and low red fluorescence (i.e., with intensity below our lowest intensity 

gates) to identify genotypes with broken chromophores. All Eppendorf tubes containing 
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sorted populations were gently vortexed placed on ice, and immediately centrifuged at 

7000-75000 rcf for 10 minutes at 4°C. All supernatant was carefully removed and the 

pellet (which was visible with 500,000+ sorted events) was resuspended with ~50 𝜇l 

sterile double deionized H2O. Samples were stored at -20°C until barcode extraction.  

Barcode extraction and sequencing 

After each sort-seq experiment, we prepared each sorted population for next 

generation sequencing (NovaSeq paired-end S1 300 cycle (biological replicates 1 and 2) 

and paired-end S4 300 cycle (biological replicate 3) as follows: 

1. Sorted cells were thawed and boiled. 

2. Barcodes were PCR amplified in triplicate using Phusion polymerase (NEB 

catalog #: M0530S), yielding a 105 bp fragment containing the molecular 

barcode. 

3. Post amplification, samples were pooled and purified using a bead clean-up 

(Omega Bio-Tek MagBind TotalPure NGS beads, SKU #: M1378-01).  

4. TruSeq-like adapters were ligated to barcodes using a PCR-free workflow 

(KAPA hyperprep kit). After ligation, we purified samples using a 1.2X bead 

clean-up. Some samples required additional clean-up steps to remove residual 

adapter dimer. 

In our first sort-seq sequencing run (NovaSeq S1 300 cycle, biological replicates 1 

and 2), we found that our PCR-free workflow led to extensive index hopping. For the 

third biological replicate of our sort-seq experiments, we added an additional PCR step 

using the KAPA Hyperprep reagents and protocol. PCR reactions were purified using a 
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1X bead cleanup. Adapter ligated samples were submitted to the University of Oregon 

Genomics and Cell Characterization Facility for sequencing. See Appendix C, 

Supplementary Section 2. 

Barcode sequencing analysis pipeline 

 Raw de-multiplexed next-generation sequencing data was first subjected to the 

following quality control steps:  

1. Both reads had to have a mean Phred score above 19. 

2. The 25 bp barcode was extracted from both reads using the known barcode 

flanking sequence. If an extracted barcode from one of the reads had a length <25 

bp, neither read was used. 

3. Barcodes from both reads had to be either identical or only have a single 

mismatch. 

We then extracted the raw number of counts per barcode, per sorted population. 

Barcodes were linked with known library genotypes using the barcode-genotype mapping 

data. Briefly, all barcodes from both sort-seq biological replicates and all barcode-

genotype mapping runs were clustered using the Bartender clustering package230. Two 

barcodes were placed in the same cluster if they differed at a maximum of three sites. 

This clustering step resulted in a list of barcodes per genotype, allowing us to calculate 

the total number of counts per genotype in each sorted population. Raw counts in each 

sorted population were considered below the limit of detection if they were below a 

frequency of 1 × 10−5 (see Fig 4.3H for details). All other counts were then converted to 
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frequencies by dividing counts by the total number of observations in each sorted 

population.  

Extracting phenotypes from genotype frequencies across sorted populations 

 We used a simple mean method to estimate the mean and standard deviation of 

the green and red fluorescence intensities for each genotype, as in Peterman et al231. 

Essentially, we took the weighted average of all sorted cells. We assume that for a 

hypothetical cell in a gate j, the cell fluorescence, fj, is as follows: 

𝑓𝑗 = 𝑏√𝐿𝑗 × 𝑈𝑗 

where Lj and Uj represent the upper and lower fluorescence boundaries for bin j and b 

represents a location within the width of bin j. Peterman et al found that setting b equal to  

𝑏 =
𝑤

(𝑒
𝑤
2 − 𝑒−

𝑤
2 )

 

minimized bias231, where w equals bin width. We calculated the mean fluorescence, v, 

from bin j to bin m as follows: 

𝑣 =
1

𝑁
∑ 𝑟𝑗 × 𝑓𝑗

𝑚

𝑗=1
 

where N represents the total frequency of a genotype over all bins, rj is the frequency of a 

genotype in binj. We calculated the standard deviation as follows: 

𝑠𝑑 =  √
1

𝑁
∑ 𝑟𝑗(𝑓𝑗 − 𝑣)

2𝑚
𝑗=1 . 
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Results 

Measuring the genotype-phenotype map for a natural evolutionary transition in 

coral GFP-like protein fluorescence color 

 Our goal is to understand how increasing the size of the genotype-phenotype map 

impacts the accessibility of novel functions. This requires characterizing a large volume 

of sequence space for a functional transition. Characterization of a large genotype-

phenotype map required identifying a system with 1) sufficient phylogenetic information 

for an ancestral sequence reconstruction (ASR) and 2) a phenotypic transition that took 

place over >12 substitutions and 3) a phenotype that is easily quantitatively measured in a 

high-throughput manner.  

We focused on a map size of L > 12 because we anticipate that this will allow us 

to measure differences in accessibility between large and small maps that would not be 

apparent in smaller maps due to the scaling relationship between map size and the 

number of possible trajectories. Fig 4.1C illustrates how this relationship might impact 

the probability that an accessible trajectory exists between a derived and ancestral 

genotype as a function of map size, where phenotypes are randomly assigned to each 

genotype as either “dead” or “alive”. If we compare the 5-site and 15-site spaces, we find 

that even if relatively few genotypes are viable, for example ~14% (Fig 4.1C, dashed 

grey line), there is an 11% chance that an accessible path exists across the 5-site space, 

while there is an ~71% chance that an accessible path exists in the 15-site space. This 

behavior arises because as we increase map dimensionality, the number of possible 



 91 

forward trajectories grows rapidly from 5! = 120 forward trajectories to 15!=1.3 × 1012 

(Fig 4.1B). 

Fig 4.2 Constructing and measuring the genotype-phenotype map for a transition in 

fluorescence color. A) Figure adapted from Ugalde et al.98 The fifteen substitutions that 

converted the green ancestral to derived red GFP-like protein are shown below. B) Sort-

seq experimental scheme: 1) the GFP-like library is expressed in bacteria as a fusion 

protein containing a molecular barcode, 2) we control for expression variability and 

identify broken chromophores by gating on the homogeneous EBFP2-expressing 

population, 3) we sort the “normal” EBFP2 population into bins of varying green/red 

fluorescence intensity, 4) we sequence the molecular barcodes from each pool and 

quantify green/red fluorescence using the distribution of genotype frequencies across 

bins, and 5) we use quantitative phenotypes to construct a complete genotype-phenotype 

map. 

The family of GFP-like proteins from Faviina corals is one such protein meeting 

our criteria.  Previously, the Matz group used ASR to study an evolutionary transition 

between an ancestral green GFP-like protein to a derived photoactivatable red GFP-like 

protein98,228 (Fig 4.1B). Out of the 37 possible amino acid substitutions between the 

ancestral and derived proteins, they found that 12 substitutions were sufficient to give rise 

to a photoactivatable red fluorescent protein from the green ancestor228 (Fig 4.1C). 
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Similar to other protein genotype-phenotype maps, this evolutionary transition exhibits 

extensive epistasis. For example, Q62H mutation is required for the chemistry of 

photoactivation and chromophore maturation for the red phenotype. However, the 

mutation alone in the ancestral background is insufficient to result in red fluorescence, 

indicating that this position is highly epistatic98,228,232. Additionally, one critical amino 

acid substitution (M219G) could not occur in a single mutation in the nucleotide 

sequence, indicating that other intermediate amino acids, or indirect trajectories, may 

have been required for this evolutionary transition. 

We selected 15 substitutions that were found to be the most highly associated 

with the observation of red fluorescence in a previous study to construct our map228 (Fig 

4.2A and Appendix C, Supplementary Table C1). At site 219 we included a third possible 

amino acid, valine, in addition to the ancestral (methionine) and derived (glycine) amino 

acids. Sites with more than two amino acids allow for mutational reversions during 

adaptation, or indirect trajectories133,222,223. Such indirect trajectories have shown to 

increase accessibility133,222,223. Inclusion of this site in our map will allow us to evaluate 

the relative importance of indirect paths in natural evolutionary transition as a function of 

map size. This resulting map contains 14 single-step mutations and one two-step 

mutation, or (214 × 3 =) 49,152 possible genotypes between the ancestral and the 

derived GFP-like protein sequences. 

 We developed a sort-seq method to quantitatively characterize the genotype-

phenotype map for all evolutionary intermediates between the ancestral green and 

derived red GFP-like proteins (Fig 4.2B). Sort-seq methods are extremely powerful in 
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that they yield high-throughput, quantitative phenotype measurements by combining 

fluorescence activated cell sorting (FACS) and next-generation sequencing229,231. Briefly, 

we first express our library in bacteria. We photoactivate the library under broad 

spectrum UV light to induce maturation of the red chromophore. On the FACS 

instrument, we select the population of cells with uniform EBFP2 fluorescence as 1) a 

control for variable protein expression and 2) to identify genotypes with “broken” 

chromophores. We then sort the population into bins of different fluorescence intensity in 

the red and green channels. Post-sorting, we isolate and sequence barcodes from each 

population of known green or red fluorescence intensities. Because genotypes are sorted 

multiple times, each genotype has a corresponding histogram of read counts spread over 

one or more bins with known intensity. This histogram of read frequency per bin is used 

to calculate quantitative estimates of the green and red fluorescence intensities for each 

genotype in the library (Fig 4.2B). 

Proof-of-principle sort-seq experiment 

 First, we wanted to confirm that our sort-seq strategy shown in Fig 4.2B met the 

following criteria: 1) it yields phenotype estimates that match known values and 2) the 

post-sorting sample preparation did not distort input genotype frequencies. We also 

wanted to know what our limit of detection was for observing variants that are present at 

low frequency in the library.  

To demonstrate our sort-seq strategy works, we randomly sampled and sequenced 

five clones from the library and individually characterized their intensities in the green 

channel on the cytometer. We then prepared three mixtures of bacteria expressing each 
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clone. Prior to our sort-seq experiment, we took a sample of each mixture for sequencing 

as a control to ensure that the barcode frequencies derived from our sequencing data 

match the known input frequencies. During our sorting experiment, we selected the 

population of EBFP2-expressing cells and divided that population into four 

subpopulations based on their fluorescence intensities in the green channel. Fig 4.3A-B 

shows an example of our binning strategy in our trial sort-seq experiment for one of the 

biological replicates. After sorting based on green fluorescence intensity, we extract 

barcodes and submitted them for sequencing. 

Fig 4.3B-D shows the correlation between the known and measured input 

frequencies for each genotype in the pre-sort samples. We found that we can accurately 

calculate the frequencies of genotypes in the input pool from sequencing data, meaning 

that our sample preparation protocol does not distort the frequencies of genotypes in our 

samples.  

Fig 4.3F shows the barcode frequencies for each clone per bin for mixture 1 (bins 

shown in Fig 4.3B). Fig 4.3G shows how well the mean phenotypes we inferred matches 

the known values for each clone. We find that for all genotypes the inferred green 

fluorescence intensities are within the standard deviation of known values, indicating that 

our sort-seq experiments yield informative estimates of fluorescence intensities. 

We found that ~0.003-0.006% of reads from each pool were background noise, 

representing either sequencing errors or contamination from other lanes. We found that 

the bulk of such sequences were present at a frequency below ~1 × 10−5 (Fig 4.3H). We 
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used this as our limit of detection for our sort-seq datasets. All data in Fig 4.3 are for a 

single sort-seq trial.  

Subsampling the genotype-phenotype map 

 Next, we performed two full biological replicates of our sort-seq protocol to 

sparsely characterize the GFP-like protein library in the red and green channels. These 

small-scale replicates were done to characterize general features of the map and to 

determine the sequencing depth necessary for full-scale library characterization. The 

binning strategies for both biological replicates are shown in Appendix C, Supplementary 

Fig C4-C6. The number of genotypes observed was strongly limited by 1) the occurrence 

of extensive index hopping during our sequencing run and 2) insufficient depth in our 

barcode mapping experiments to unambiguously assign each barcode a fully 

reconstructed genotype. 

 Fig 4.3 Using sort-seq to infer green fluorescence intensity of mixtures of known 

genotypes. (next page) A) Example of our gating strategy for identifying the “normal” 

EBFP2 population from one sort-seq trial experiment. B) Example of our gating strategy 

in the green channel for one trial. C) Plots showing the expected genotype frequency in 

one of three pre-sort mixtures (x-axis) and the inferred genotype frequency using next-

generation sequencing data (y-axis) for one sort-seq trial. Mixture 1 contains each 

genotype at equal frequency (1:1:1:1:1), mixture 2 contains each genotype at a relative 

frequency of 0.1:0.3:0.09:0.01:0.5, and mixture 3 contains each genotype at a relative 

frequency of 0.0001:0.9:0.02:0.05:0.0299. F) Genotype frequency calculated from 

sequencing data (y-axis) for each of the five genotypes in mixture 1 as a function of bin 

ID (x-axis). G) Inferred green fluorescence intensity from data in Panel F (y-axis) for 

each of the five genotypes. Black datapoints are the average inferred intensities from each 

of the three mixtures. Colored datapoints are the averaged intensities calculated from 

FACS data for each genotype individually, where data was averaged from two separate 

FACS experiments. Error bars represent the standard deviation of the phenotypes inferred 

directly from FACS data. H) Jitter plot of the barcode frequency (y-axis) from 

sequencing data for each of the three mixtures (x-axis, mixture 1 shown in black, mixture 

2 shown in grey, and mixture 3 in blue). The detection limit used in quality control steps 

for the sort-seq experiments is shown by the red dashed line (1 × 10−5). 
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Given our sequencing limitations, we proceeded to extracting barcodes from our 

sequencing data and used our barcode mapping to determine which genotypes were 

observed in each dataset. We see ~17,500 unambiguous genotypes and ~33,600 

ambiguous genotypes with at least one read in both replicates. After quality control, we 

find that 3,676 unambiguous genotypes and 175 ambiguous genotypes have quantitative 

phenotype values in the green and red channels for at least one replicate. Fig 4.4A shows 

that the frequency of each mutation in the unambiguous dataset deviates from our  

expectation of ~0.5 for binary positions (substitutions 26-217) and ~0.333 for the triple 

position (substitution 219), suggesting that some mutations are overrepresented in our 

library. We also found that there are few sequences containing <3 and >12 total 

mutations (Fig 4.4B). We did not observe either the ancestral (wildtype) or the derived 

GFP-like proteins in either of our datasets. 

Figs 4.4C-D show the correlation between the green and red phenotypes in 

replicates 1 and 2, respectively. We find that there is a strong correlation between the 

phenotypes inferred from sort-seq data in both channels. In the green channel, we see two 

distinct populations corresponding to “broken” and bright fluorescent proteins (below a 

fluorescence intensity of~2, Fig 4.4E). In the red channel, we distinct populations 

corresponding to broken and bright fluorescent proteins, but the “broken” chromophore 

population seems to be well-resolved from the bright chromophore population (Fig 4.4F).  

Fig 4.4G shows the correlation between mean green and red fluorescence 

intensities for genotypes observed in both channels. There is a distinct population that 

exhibits correlated green and red fluorescence (top right quadrant). We will analyze this 
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subpopulation in greater depth in the next section, but we suspect that this is bleed 

through from the green channel into the red channel that was not captured by 

compensation. We find that ~40% of the genotypes observed above 2.0 in both channels, 

while ~42% are below 2.0 in one channel and ~18 % are below 2.0 in both channels (Fig 

4.4H).  The observation of high red fluorescence without green fluorescence is quite rare, 

constituting ~1.5% of the population. For all subsequent analyses, we will treat 

chromophores in the red and green channels that have a fluorescence intensity below 2.0 

to be “dead”, or broken, chromophores.  

 

Fig 4.4 Characterizing a subset of the GFP-like protein library. (next page) A) 

Frequency of each substitution in all genotypes observed (y-axis) with substitutions 

labelled on the x-axis. The grey dashed lines indicate the expected frequency of each 

mutation for the two-mutation (50%) and three-mutation (33.3%) sites in the absence of 

overrepresentation of specific variants in the library. B) Frequency of genotypes with n 

mutations (y-axis) versus the number of substitutions n in a given genotype (x-axis). C) 

Correlation between green fluorescence intensities inferred from replicates 1 (x-axis) and 

2 (y-axis). D) Correlation between red fluorescence intensities inferred from replicates 1 

(x-axis) and 2 (y-axis). E) Distribution of mean green fluorescence intensity (averaged 

over both replicates) with relative counts on the y-axis and green fluorescence intensity 

on the x-axis. The dashed grey line shows the cutoff between “bright” and “broken” 

chromophores.  F) Distribution of mean red fluorescence intensity (averaged over both 

replicates) with relative counts on the y-axis and red fluorescence intensity on the x-axis. 

The dashed grey line shows the cutoff between “bright” and “broken” chromophores. G) 

Mean green fluorescence intensity (x-axis) versus mean red fluorescence intensity (y-

axis). The plot is broken up into quadrants using cutoffs in panels F and G to identify 

bright green and red chromophores (upper left quadrant), bright green/broken red (lower 

left quadrant, labelled “dead r”), broken green/bright red (upper right quadrant, labelled 

“dead g”), and broken green/broken red (lower right quadrant, labelled “dead”). H) Pie 

chart showing the proportion of genotypes falling in each quadrant, colored as follows: 

black (“dead” quadrant), dark grey (“dead r” quadrant), light grey (“dead g” quadrant), 

and purple (upper left quadrant).  
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Effects of mutations on green and red fluorescence intensities 

 Next, we wanted to examine how green and red fluorescence intensities change as 

a function of mutation. We began by looking at the effect of the Q62H mutation. The 

Q62H mutation is located within the chromophore and has been shown to be critical for 

the evolution of photoactivatable red fluorescence in coral GFP-like proteins98,228,232,233. 

Upon exposure to UV-light the polypeptide backbone is cleaved between the amide 

nitrogen and alpha carbon of H62 and a double bond is formed between the alpha and 

beta carbons of H62233–235 (Fig 4.5A). As a result, the pi-electron conjugation of the 

neighboring tyrosine residue extends to H62 and the fluorescence spectrum of the protein 

is red-shifted233–235.  

Due to the critical nature of the Q62H mutation for the observation of red 

fluorescence, we expect to see lower red fluorescence intensities in genotypes without the 

Q62H mutation than in genotypes with the Q62H mutation. Fig 4.5B-C shows the 

correlation between green and red fluorescence in the +Q62H and -Q62H backgrounds. 

Surprisingly, we see a distinct high red/high green fluorescence population in the 

background lacking the critical Q62H mutation (Fig 4B, red circle). Given the lack of a 

similar population in the +Q62H population and the nature of the correlation and the 

critical nature of the Q62H mutation for the underlying chemistry of the red 

chromophore, we suspected that the source of this high green/high red -Q62H population 

was bleed through from the green channel into the red channel. We often see bleed 

through of this type, as 1) there is overlap in the green and red fluorescence emission 

spectra and 2) the green chromophore is much brighter than the red chromophore. This 
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makes it difficult to fully decompose the two signals given the filter set on our 

instrument. For the remainder of the analysis, we replaced the red fluorescence intensities 

for this subpopulation with a value corresponding to the broken red chromophore 

population (i.e., we took the mean of the population below an intensity of 2.0 in Fig 

4.4F). However, more characterization is needed to confirm that this subpopulation is 

arising from bleed through from the green to red channel. 

After applying our compensation correction, we find that ~1.5% are red (but not 

green), ~60.6% are green (but not red), ~18.6% are completely broken, and ~19.3% are 

above 2.0 in both channels. The observation of bright red fluorescence is relatively rare in 

our dataset, while the observation of greenness is very common (in total, ~79% of the 

observations).  

 Fig 4.5D-E shows the distribution of fluorescence intensities in the red and green 

channels for the +/-Q62H backgrounds after filtering to correct for bleed through. The -

Q62H background (grey) is broadly beneficial for green fluorescence. The +Q62H 

background (green and red) reduces green fluorescence intensity and increases red 

fluorescence relative to the -Q62H background. We found a single genotype lacking the 

Q62H mutation 

(E26V/A60V/D74H/T104R/S104N/Y116N/M154T/V157I/R194C/Y217Del/M219G) 

that still exhibited high red fluorescence intensity after applying our filtering cutoffs. 

Upon examination of the frequency of observations per bin for this genotype, it’s unclear 

if this is a real signal or if there is under sampling in the green channel, leading to 
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spuriously low inferred green fluorescence intensity (Appendix C Supplementary Fig 

C7).  

 We next looked at the frequency of broken versus bright chromophores as 

a function of the number of mutations present (Fig 4.5F-G). We find that as we increase 

the number of mutations, the frequency of genotypes with bright red fluorescence 

increases from <10% to ~60% while the frequency of genotypes with broken green 

chromophores increases from ~20% to ~50%.  Fig 4.5H shows the relative number of 

genotypes observed with n mutations. Next, we examined how individual mutations 

impacted green and red fluorescence intensities in all backgrounds. We first isolated all 

the single-mutation maps available in our dataset. We found that there were 4,227 

possible single-mutation maps. 

 

Fig 4.5 Effects of mutations on green and red fluorescence intensities. (next page) A) 

UV-induced photoactivation mechanism for the Q62H containing red fluorescence GFP-

like proteins (adapted from Lukyanov et al234). B) Mean green fluorescence intensity (y-

axis) versus mean red fluorescence intensity (x-axis) for all genotypes lacking the critical 

Q62H chromophore mutation. The red circle shows genotypes that are both bright green 

and bright red even in the absence of the critical mutation, indicating that this population 

is arising from bleed through from the green to red channel. C) Mean green fluorescence 

intensity (y-axis) versus mean red fluorescence intensity (x-axis) for all genotypes 

containing the critical Q62H mutation. D) Distribution of green fluorescence intensities 

for the +Q62H (green) and -Q62H (grey) backgrounds with relative counts on the y-axis 

and intensity on the x-axis. E) Distribution of red fluorescence intensities for the +Q62H 

(salmon) and -Q62H (grey) backgrounds with relative counts on the y-axis and intensity 

on the x-axis. This is post-filtering for the population circled in red in panel B. F) 

Frequency of broken (grey) or bright (green) chromophores (y-axis) versus the number of 

mutations per genotype (x-axis). G) Frequency of broken (grey) or bright (salmon) 

chromophores (y-axis) versus the number of mutations per genotype (x-axis). H) 

Frequency of genotypes containing n mutations (y-axis) vs number of mutations (x-axis).  
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We calculated the effect of introducing a mutation at position x in each 

background it was observed in. Mutational effects were classified into three bins: neutral 

(effect is between zero ± the mean standard deviation of green/red intensities), beneficial 

(positive magnitude), or deleterious (negative magnitude). Fig 4.6A shows the fraction of 

backgrounds where the introduction of a given mutation was neutral, beneficial, or 

deleterious in for the green and red phenotypes. Supplementary Fig C8 shows the 

percentage of backgrounds each mutation was observed in (Appendix C). 

As anticipated, we see that the Q62H mutation is the most beneficial for the 

observation of the red phenotype (Fig 4.6A). When averaged over all backgrounds, most 

of the other mutations are neutral or slightly more beneficial than deleterious. We find 

that a group of mutations (A60V, Q62H, S105N, Y116N, R194C, R216H, and Y217Del) 

are primarily deleterious in for green fluorescence. We find that the intermediate 

substitution at position 219 (M219V) is beneficial for green fluorescence on average, 

while the derived substitution (M219G) is mostly neutral. The Y116N mutation appears 

to be almost entirely deleterious for green fluorescence. 

We were intrigued by the overall neutral nature of mutational effects on red 

fluorescence shown in Fig 4.6A. Previous work showed that there are extensive 

background-dependent effects in this set of mutations, especially with respect to 

Q62H228.  
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Fig 4.6 Effects of mutations are background dependent. A) Frequency of mutational 

effects that are neutral (grey), deleterious (black) or beneficial (shown in salmon for red 

fluorescence and in green for green fluorescence). Mutational effects are averaged over 

all backgrounds when a mutation, x, is introduced (x-axis). B) Frequency of mutational 

effects that are neutral (grey), deleterious (black), or beneficial (shown in salmon for red 

fluorescence and in green for green fluorescence) in the +Q62H background when a 

mutation, x, is introduced (x-axis). 
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We began investigating background-dependent effects by investigating the effect 

of introducing mutations into the +Q62H background (Fig 4.6B). We find that in the 

Q62H background, several mutations (namely, T69A, T104R, S105N, and V157I) 

become much more beneficial for red fluorescence than they appeared to be when 

averaged over their introduction into all backgrounds. Overall, mutational effects on 

green fluorescence are relatively invariant between Fig 4.6A and 4.6B. 

Finally, we looked at the effects of each mutation on green and red fluorescence 

in different genetic backgrounds, as we did in Fig 4.7. We find that all derived mutations 

increase red fluorescence on average when the Q62H mutation is introduced (see 

Appendix C, Supplementary Figs C9-C22 for effects on red fluorescence per 

background). Y116N is, without exception, deleterious for green fluorescence when 

introduced in all backgrounds (see Appendix C, Supplementary Figs C9-C22 for effects 

on green fluorescence per background). Y116N is mostly neutral with respect to red 

fluorescence when introduced into all backgrounds. We find that the intermediate amino 

acid substitution at position 219 (M219V) is almost always more beneficial for green 

fluorescence than the derived substitution (M219G), while they are almost approximately 

identical in their effects on red fluorescence. 

Epistatic interactions between mutations  

Given the extensive background-dependence of single mutational effects shown 

in the previous section, as well as by others98,228, we wanted to understand the nature of 

epistatic interactions between mutations in the library. We started by constructing all 

possible combinatorially complete two mutation (L=2, 22 = 4 genotypes), three mutation 
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(L=3, 23 = 8 genotypes), and four mutation (L=4, 24 = 16 genotypes) binary mutant 

cycles using our dataset of 3,676 genotypes with quantitative phenotypes for green and 

red fluorescence. This resulted in 1,159 L=2 mutant cycles, 113 L=3 mutant cycles, and a 

single L=4 mutant cycle. We repeated this to calculate all maps containing the 3-site 

position, which resulted in 52 L=1 mutant cycles and 14 L=2 mutant cycles. 

We began by calculating epistasis in the red and green phenotypes in all L=2 

binary mutant cycles. We calculated mutational effects relative to the defined “wildtype” 

genotype, which is the genotype with the fewest derived substitutions. We defined 

pairwise epistasis as the difference between the phenotype of the double mutant and the 

additive prediction from each single mutational effect. We defined third-order epistasis as 

the difference between the triple mutant and the additive prediction from single 

mutational effects plus all pairwise interactions132. For comparisons between the two 

phenotypes, we converted epistasis values to z-scores, Zepi, as follows: 

𝑍𝑒𝑝𝑖 =
(𝑥𝑒𝑝𝑖−𝜇𝑒𝑝𝑖)

𝜎𝑒𝑝𝑖
, 

where 𝑥𝑒𝑝𝑖 is the green/red epistatic magnitude for a specific set of mutations, 𝜇𝑒𝑝𝑖  is the 

mean epistatic magnitude for green/red fluorescence, and 𝜎𝑒𝑝𝑖  is the standard deviation in 

epistatic magnitude for green/red fluorescence. 

Fig 4.7A shows the distribution of Zepi for all pairwise (salmon) and three-way 

(dark red) interactions for red fluorescence, while Fig 4.7B shows pairwise (light green) 

and three-way (dark green) interactions for green fluorescence. The distributions of 

magnitude for pairwise versus third-order interactions are overall quite similar for both 
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phenotypes, both in range and overall magnitude. The red fluorescence phenotype seems 

have a similar overall distribution to the green fluorescence phenotype but seems to have 

more pairs that give rise to strong epistatic interactions, while the green distribution 

seems to contain more non-epistatic pairs. The distributions of the pairwise epistatic Z-

scores for each mutation are very similar to the distribution for all mutations (Fig 4.7C-

D). We see a particularly large spread in Zepi scores for specific mutations in for the red 

phenotype, especially A60V and Q62H (Fig 4.7D). Appendix C, Supplementary Figs 

C23-C24 show the distribution of Zepi scores for green and red fluorescence for each 

genotype. 

We first focused on pairwise epistasis. We found that the mean pairwise epistatic 

Z-score for green fluorescence was 3.9 × 10−17 ± 1.0, with a maximum of 3.9 and a 

minimum of -3.4. We found that the mean pairwise epistatic magnitude for red 

fluorescence was −2.5 × 10−17 ± 0.9, with a maximum of 5.3 and a minimum of -6.9.  

The most strongly positive epistatic pair for green fluorescence was T104R + Y116N 

while the most strongly negative was M154T + R194C. Both pairs exhibit reciprocal sign 

epistasis. For the positively epistatic pairs, each mutation abolishes green fluorescence 

individually, but they restore green fluorescence when introduced together. For the 

negatively epistatic pair, each mutation restores fluorescence from a non- fluorescent 

wildtype genotype, yet they destroy fluorescence when introduced together. Y116N is 

proposed to enlarge a solvent-bearing cavity near the chromophore, which we know from 

Fig 4.6A is broadly deleterious for green fluorescence, while T104R is proposed to 

stabilize the chromophore backbone232. 
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Fig 4.7 Epistasis is common in the GFP-like protein library. A) Distribution of Zepi in 

red fluorescence for pairwise (light salmon) and three-way (dark red) interactions. B) 

Distribution of the Zepi in green fluorescence for pairwise (light green) and three-way 

(dark green) interactions. C-D) Pairwise Zepi (y-axis) as a function of mutation (x-axis) 

for C) green and D) red fluorescence. E) Pairwise Zepi (y-axis) for each unique pair of 

mutations (x-axis) averaged over all backgrounds. Green circles represent the average 

epistasis Z-score in green fluorescence, while red circles represent the average epistasis 

Z-score in red fluorescence. Green/red error bars represent the standard deviation. F) 

Proportion of pairs (y-axis) giving rise to magnitude (lilac), sign (green), reciprocal sign 

(blue), and no epistasis (black) for the green and red phenotypes (x-axis). Pairs with 

epistatic magnitudes above -1 or below 1 were considered non-epistatic. 

 

These two mutations may jointly increase green fluorescence when introduced 

together by compensating for each individually destabilizing effect. M154T is proposed 

to stabilize the overall fold of the protein while R194C is known to increase the 
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flexibility of the chromophore region232. It is not clear from structural considerations why 

these would produce such a strong, negative epistatic interaction. 

The most strongly positive epistatic pair for red fluorescence was Q62H + 

Y217Del, while the most strongly negative was Q62H + A60V. The identities of the 

maximally epistatic red pairs are unsurprising. The Y217Del mutation has been shown to 

be critical for promoting red fluorescence via promoting flexibility in the chromophore 

residues232. The A60V mutation is located directly adjacent to the chromophore and its 

effect is known to be highly dependent on genetic background228. In fact, Fig 4.6B shows 

that it is often deleterious in the Q62H background.   

Next, we wanted to see if there were pairs of mutations that were highly epistatic 

when averaged over all genetic backgrounds. Fig 4.7E shows the Z-score values of all 

105 unique pairs of mutations in our dataset, averaged over all backgrounds for green and 

red fluorescence. Most pairs are, on average, very close to zero or are non-epistatic when 

averaged over all backgrounds. We do see several genotypes that seem to be highly 

epistatic, especially for epistasis in red (below an epistatic magnitude of -1 and above a 

magnitude of +1). The Q62H mutation ubiquitously present amongst all positively 

interacting pairs for both red and green fluorescence (red: Q62H/T104R, Q62H/S105N, 

Q62H/V157I, Q62H/R216H and green: Q62H/R216H). For negatively interacting pairs, 

we frequently observe the A60V mutation for both phenotypes (red: A60V/Q62H, 

A60V/Y116N, Q62H/M154T and green: A60V/Q62H, A60V/Y116N, AND 

A60V/Y217Del). A60V appears to be a highly negatively epistatic substitution across all 
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backgrounds for both green and red fluorescence. Q62H seems to be more epistatic in the 

context of red fluorescence.  

Finally, we looked at the frequency of pairs that lead to evolutionarily important 

classes of epistasis: magnitude, sign, and reciprocal sign. In magnitude epistasis, only the 

size of an effect changes when two mutations are combined. In sign epistasis, the sign of 

one of the mutations reverses (i.e., if beneficial alone, it is deleterious in combination 

with another mutation). In reciprocal sign epistasis, both mutations change sign. For both 

phenotypes, we find that the overall proportion of mutations giving rise to sign, 

reciprocal, and magnitude epistasis are very similar, with the exception that the red 

phenotype tends to be less epistatic (Fig 4.7F). Intriguingly, both sign and reciprocal sign 

epistasis, which are particularly important types of epistasis, are commonly observed 

amongst mutation pairs.   

Conclusions and future directions 

 Here, we combined theory and high-throughput experiments to design and 

characterize a genotype-phenotype map for a natural evolutionary transition that is 96 

times larger than the current largest map7. Our current dataset is a sparse subsampling of 

the full map, which has allowed us to assess the global characteristics of the map while 

estimating the read depth needed the full experiment. We inferred green and red 

fluorescence intensities from sort-seq data for ~7% of the library. Most of the library 

appears to be green (~79%). The bulk of the remaining library is completely non-

fluorescent (~19.5%), while only ~1.5% is red. We find that mutational effects are highly 

background dependent for both phenotypes, especially with respect to the presence of the 
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Q62H mutation in the red phenotype. For low-dimensional submaps (i.e., L=2) we find 

that epistasis is pervasive and tends to have stronger negative effects on the red 

phenotype. Together, our data suggests that the subsampled genotype-phenotype map 

may be rugged and constrained by epistatic interactions, much like other small genotype-

phenotype maps. More work must be done with the full dataset, however, to compare the 

relative effects of epistasis and neutral networks on trajectories as a function of map size. 

Mutational effects are background dependent 

 Previous work has shown that the substitutions in this evolutionary trajectory are 

highly context-dependent, at least in a subset of possible genetic backgrounds53,98,232. 

Thus, we looked at effect of introducing each mutation into all possible backgrounds in 

the sparsely sampled map. We found that specific mutations were strongly beneficial or 

deleterious over all backgrounds, for instance Q62H was beneficial for red fluorescence 

(>75% of genotypes) and Y116N was universally deleterious for green fluorescence 

(~80% of genotypes) (Fig 4.6A).  

The Y116N mutation exhibited the most consistently negative impact on green 

fluorescence, regardless of background, out of any mutation (Fig 4.6A). Y116N is 

particularly important for the red fluorescent phenotype53,232. It has been shown to 

increase the volume of a cavity near the chromophore that’s important for solvation and 

increasing flexibility near the chromophore232. It will be interesting to see how the 

Y116N mutation shapes accessibility and if it is an important determinant of evolutionary 

trajectories in the full map. 
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The strong beneficial association of the Q62H mutation with red fluorescence is 

unsurprising, as it is a fundamental requirement for the chemistry of the red chromophore 

(Fig 4.5A)53,98,232,234. We find that there is asymmetry in how Q62H impacts red 

fluorescence in the presence of other mutations. For example, Fig 4.6B shows that the 

introduction of the A60V mutation into Q62H-containing backgrounds is most often 

deleterious for red fluorescence. However, if we look at the effect of introducing Q62H 

into the A60V background, we see that it is beneficial for red fluorescence (Appendix C, 

Supplementary Fig C10). The A60V mutation has been shown to stabilize and rigidify 

the core of the protein, exhibiting a negative impact on red fluorescence earlier in the 

evolutionary trajectory but becoming beneficial later on53,232. We anticipate that the 

Q62H substitution is the strongest determinant of accessibility from green to red in the 

full map, though that is still to be shown. 

Epistasis is prevalent in small submaps 

  The strong context-dependent effects of mutations discussed in the previous 

section (and shown in Fig 4.6) can be extremely important for shaping evolutionary 

trajectories, as they indicate that there must be a specific order in which mutations can 

accumulate5,11,19,20,23,24. Such epistatic interactions strongly determine the local topology 

of the genotype-phenotype map9,20,23,24. We analyzed all possible two- and three-mutation 

submaps in our dataset to look at the extent of epistasis in small submaps. We found that 

such low-dimensional submaps are highly epistatic. This epistasis falls into classes of all 

types, namely, sign, reciprocal sign, and magnitude epistasis. Sign and reciprocal sign are 

particularly extreme forms of epistasis that have been proposed to primarily decrease 
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accessible evolutionary trajectories9,16,20. In fact, reciprocal sign epistasis is a topological 

requirement for multiple peaks in fitness landscapes20.  

 Our epistasis analysis revealed specific positions that were frequently epistatic: 

A60V and Q62H. At least one of these substitutions was present in all strongly epistatic 

pairs of mutations, with the strongest epistatic pair being A60V and Q62H. A60V was 

almost exclusively associated with negative epistatic interactions, which is consistent 

with our data shown in Fig 4.6B. The biophysical effect of A60V is to optimize packing 

of an alpha helix N-terminal to the chromophore232. Flexibility in the chromophore region 

is has been shown to be a key biophysical factor in the evolution of the red chromophore–

–the excess stabilization introduced by A60V may likely reduces this flexibility in the 

absence of other key substitutions53,232. 

 Unsurprisingly, Q62H was consistently associated with positive epistatic 

interactions in the red phenotype. The strongest positive interactions occurred with the 

T104R, S105N, and V157I substitutions. The positive association of Q62H with these 

substitutions is unsurprising: T104R and S105N have been shown to work as a network 

of stabilizing residues near the chromophore, intriguingly, in conjunction with A60V. In 

fact, A60V becomes more beneficial for red fluorescence in the presence of either of 

these substitutions232 (Appendix C, Supplementary Figs C13-C14). V157I has been 

proposed to prevent chromophore isomerization reactions that result in non-productive 

red chromophores232  

Future directions 
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 Our current work shows that epistasis is a core feature of low-dimensional 

submaps. Future work involves analyzing the full genotype-phenotype map for this 

evolutionary transition, which is currently awaiting sequencing at the GC3F facilities. 

The major driving force behind this project is to understand if the conclusions made 

about evolution in low-dimensional maps are informative for high-dimensional maps, i.e., 

is epistasis the primary determining factor of accessibility? Are there biochemical 

features that lead to extensive neutral networks in sequence space as we increase 

dimensionality?  

We plan to do two primary analyses to address these central questions. First, we 

plan to calculate trajectories through the map as a function of map size. Our simple 

theoretical simulations in Fig 4.1C indicate that we may see differences in the probability 

of traversing the genotype-phenotype map as we increase the dimensionality of the map. 

Our simple model is highly epistatic, as we assigned phenotypes completely at random to 

each simulated genotype. In the real map, we expect to see correlations between the 

phenotypes of neighboring genotypes84, i.e., if a network of genotypes has the Q62H 

mutation they are likely to be red. We expect this to facilitate the probability of traversing 

the map by creating extensive neutral networks that grow quickly as a consequence of the 

relationship between the number of possible genotypes (2L) and dimensionality 

(L)80,83,84,86,223. We’re also interested in the role of the three-site mutation (M219V/G) in 

creating indirect paths, connecting neutral networks that may otherwise be disconnected 

if we only considered binary mutations84,86,222,223. It will be interesting to see if the 

importance of indirect paths scales with dimensionality for a natural evolutionary 

transition in function. 
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Second, we will look at the effect of epistasis on evolutionary trajectories. We 

will do this in two ways. We will look at the impact of re-calculating evolutionary 

trajectories through maps where epistasis has been artificially removed from the dataset 

and ask if specific epistatic interactions are important for the evolution of red 

fluorescence. We also will look at this as a function of map size. Our current dataset 

suggests that epistasis makes the map between green and red fluorescence extremely 

rugged. Such landscapes can be multi-peaked, causing evolutionary trajectories to end at 

genotypes that are local, but not global, maxima, and can result in severely decreased 

accessibility throughout the entire map9,19,20. However, there are potentially two major 

differences between low- and high-dimensional maps with respect to epistasis: 1) high-

dimensional spaces are expected to exhibit extensive sets of connected genotypes, or 

neutral networks, which may offset the decrease in accessibility arising from specific 

epistatic interactions and 2) high-dimensional spaces can contain high-order epistasis, or 

interactions between three or more mutations10,15,23,84,86. It is not clear if such high-order 

interactions matter at all in high-dimensional maps, or if they create long-term memory in 

protein evolution.   

Bridge to Chapter V 

 Chapter IV highlights our ongoing efforts to characterize the genotype-phenotype 

map for an evolutionary transition in coral fluorescence color. We used simulations to 

show that––even for a very simple toy system––we expect large genotype-phenotype 

maps to exhibit distinct properties from small genotype-phenotype maps. We used these 

theoretical expectations to design a library for a natural evolutionary transition in 
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fluorescence color that occurred over the course of 15 substitutions, resulting in a library 

that is 96 times larger than the current largest genotype-phenotype map. We developed 

high-throughput tools to measure the genotype-phenotype map for this transition.  

We show in a sparsely sampled subset of the full genotype-phenotype map that 

mutational effects are highly background dependent. We also show that epistasis is 

rampant in low-dimensional 2-site submaps. Such extensive epistasis suggests that the 

genotype-phenotype map is quite rugged, which is consistent with observations made in 

studies of small genotype-phenotype maps. We conclude Chapter IV by detailing future 

work that will be done to test our hypotheses regarding the differences in the 

contributions of neutral networks and epistasis to accessibility in small versus large 

genotype-phenotype maps. Chapter V wraps up this dissertation by highlighting how 

powerful pairing theory with computational and experimental work can be in addressing 

central questions in evolutionary biology and biochemistry. We also provide insights into 

future work for studying the evolutionary importance of ensemble epistasis and how the 

properties of genotype-phenotype maps scale with size. 
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CHAPTER V 

CONCLUSIONS AND FUTURE DIRECTIONS 

This dissertation illustrates the power of combining theory and experiment to 

address central questions in biology how protein sequence maps to function. It 

demonstrates that simple theoretical and computational models can lead to testable 

hypotheses and guide the design of careful biochemical experiments to answer questions 

that have been traditionally difficult to answer in evolutionary biology and biochemistry. 

We used this approach to 1) reveal a biochemical mechanism of epistasis in proteins and 

2) design an experiment to understand how protein biochemistry and epistasis work

together to shape the long-term evolution of new functions. This work will help us 

develop better models of protein evolution, aiding protein engineers and preventing the 

evolution of pathogens and resistances, and add to our fundamental knowledge of how 

proteins and biology work. 

In Chapter II, we lay the theoretical groundwork and illustrate that the 

thermodynamic conditions under which we expect ensemble epistasis to arise is likely to 

be quite common in biology. Our work showed that ensemble epistasis is maximized 

where many conformations are populated. We found that we could tune environmental 

parameters to toggle between conditions where many and few conformations were 

populated, leading us to find a key experimental signature of ensemble epistasis: 

environment-dependent epistasis.  We then took these theoretical predictions into reality 

by testing for effector-dependent epistasis in the lac repressor protein. We found that such 
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effector-dependent patterns of epistasis were pervasive in the lac repressor protein both in 

vivo and in vitro. From our theoretical, computational, and experimental studies we 

conclude that ensemble epistasis is likely prevalent source of epistasis in biology.  

 Moving forward, we could improve our understanding of epistasis by building 

models that can distinguish between distinct sources of epistasis, for example, 

distinguishing direct contact epistasis from ensemble epistasis. To accomplish this, one 

might scale up the approach in Chapter III by combining thermodynamic modeling, 

molecular dynamics simulations, and high-throughput experiments to decompose the 

effects of mutations on biophysical protein properties.  

 Chapter IV zooms out from trying to understand specific types of epistasis to ask 

if general conclusions made from studies of short-term evolutionary transitions (i.e., the 

evolution of antibiotic resistance) scale to longer-term evolutionary transitions in 

function. We used simple theoretical simulations to show that evolution in small 

genotype-phenotype maps may be under fundamentally different constraints than large 

genotype-phenotype maps. For example, as the number of substitutions (L) in an 

evolutionary transition increase, the number of genotypes (2L) and possible trajectories 

(L!) grows extremely rapidly. As a consequence of this scaling relationship, we predict 

that vast neutral networks might arise. Such networks might overwhelm the effects of 

epistasis, which has traditionally been viewed as a key constraining factor in protein 

evolution in small genotype-phenotype maps.  

We used these simple theoretical predictions to inform where we could expect to 

observe such features of high-dimensional maps. We constructed and designed 

experimental methods to exhaustively characterize the genotype-phenotype map for a 
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natural evolutionary transition in fluorescence color in GFP-like proteins from corals. 

This transition occurred over the course of 15 substitutions, resulting in a map that is 96 

times larger than any previously characterized binary map. Our current dataset is a low-

dimensional sparse subsampling of the full map. We find that its features are consistent 

with other low-dimensional maps in that it is extensively epistatic. In future work we will 

compare the effects of epistasis and map size on evolutionary trajectories to address our 

current gap in knowledge about evolution in high-dimensional genotype-phenotype maps. 
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APPENDIX A 

 

SUPPLEMENTARY MATERIAL FOR CHAPTER II 

 

This section includes the supplementary material and supplementary figures referenced in 

chapter II. Other supplementary files corresponding to analyses and ROSETTA input 

files, can be found on Github at: https://github.com/harmslab/ensemble_epistasis. 

 

 

https://github.com/harmslab/ensemble_epistasis
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Fig A1: Changing the value of 𝑮𝒄𝒂
°  changes the 𝝁𝑪𝒂𝟐+ value at which ensemble 

epistasis is maximized. Each panel shows the magnitude of epistasis on the y-axis and 

𝜇𝐶𝑎2+ (in 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1)on the x-axis. Each colored curve represents ensemble epistasis 

observed with a different 𝐺𝑐𝑎
°  value: 5 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1) (blue), 10 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1) (black), 

and 15 𝑘𝑐𝑎𝑙 ∙ 𝑚𝑜𝑙−1) (green). A) 𝜇𝐶𝑎2+ −dependent epistasis for the L109I/F145R 

mutation pair, B) the F78A/F145R mutation pair, and C) M85K/F145R mutation pair. 
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Supplementary Section 1 Necessary conditions for ensemble epistasis 

 

1.1 Ensemble epistasis appears between two mutations in a three-conformation 

ensemble 

We define epistasis between mutations a→A and b→B in ∆𝐺𝑜𝑏𝑠 as the difference 

in the effect of a→A in the ab and aB backgrounds (Fig 2.1A):  

 
 𝜀 = −(∆𝐺𝑜𝑏𝑠

𝐴𝐵 − ∆𝐺𝑜𝑏𝑠
𝑎𝐵 ) − (∆𝐺𝑜𝑏𝑠

𝐴𝑏 − ∆𝐺𝑜𝑏𝑠
𝑎𝑏 ) (1) 

 

∆𝐺𝑜𝑏𝑠
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

 is given by Equation 10: 

∆𝐺𝑜𝑏𝑠
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

= 𝐺𝑖
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

− 〈𝐺𝑗,𝑘
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒〉 

where 

〈𝐺𝑗,𝑘
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒〉 = −𝑅𝑇𝑙𝑛 (𝑒−

𝐺
𝑗
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

𝑅𝑇 + 𝑒−
𝐺

𝑘
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

𝑅𝑇 ). 

 

We model mutations as having additive effects within each conformation i, j, or k. 

∆𝐺𝑜𝑏𝑠 for each genotype is shown below (reproducing Table 1 in the main text): 

 

Table A1 Map between genotype and the thermodynamic description of ∆𝑮𝒐𝒃𝒔
𝒈𝒆𝒏𝒐𝒕𝒚𝒑𝒆

 

Genotype ∆𝐺𝑜𝑏𝑠
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

 〈𝐺𝑗,𝑘
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒〉 

ab 𝐺𝑖
𝑎𝑏 − 〈𝐺𝑗,𝑘

𝑎𝑏〉 −𝑅𝑇𝑙𝑛 (𝑒−
(𝐺𝑗

𝑎𝑏)

𝑅𝑇 + 𝑒−
(𝐺𝑘

𝑎𝑏)
𝑅𝑇 ) 

Ab (𝐺𝑖
𝑎𝑏 + 𝛿𝐺𝑖

𝑎→𝐴) − 〈𝐺𝑗,𝑘
𝐴𝑏〉 −𝑅𝑇𝑙𝑛 (𝑒−

(𝐺𝑗
𝑎𝑏+𝛿𝐺𝑗

𝑎→𝐴)

𝑅𝑇 + 𝑒−
(𝐺𝑘

𝑎𝑏+𝛿𝐺𝑘
𝑎→𝐴)

𝑅𝑇 ) 

aB (𝐺𝑖
𝑎𝑏 + 𝛿𝐺𝑖

𝑏→𝐵) − 〈𝐺𝑗,𝑘
𝑎𝐵〉 −𝑅𝑇𝑙𝑛 (𝑒−

(𝐺𝑗
𝑎𝑏+𝛿𝐺𝑗

𝑏→𝐵)

𝑅𝑇 + 𝑒−
(𝐺𝑘

𝑎𝑏+𝛿𝐺𝑘
𝑏→𝐵)

𝑅𝑇 ) 

AB 
(𝐺𝑖

𝑎𝑏 + 𝛿𝐺𝑖
𝑎→𝐴 + 𝛿𝐺𝑖

𝑏→𝐵)

− 〈𝐺𝑗,𝑘
𝐴𝐵〉 

−𝑅𝑇𝑙𝑛 (𝑒−
(𝐺𝑗

𝑎𝑏+𝛿𝐺𝑗
𝑎→𝐴+𝛿𝐺𝑗

𝑏→𝐵)

𝑅𝑇

+ 𝑒−
(𝐺𝑘

𝑎𝑏+𝛿𝐺𝑘
𝑎→𝐴+𝛿𝐺𝑘

𝑏→𝐵)
𝑅𝑇 ) 

 

If we substitute the relevant expressions for ∆𝐺𝑜𝑏𝑠
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

 into our expression for 𝜀, we get: 

𝜀 = ([(𝐺𝑖
𝑎𝑏 + 𝛿𝐺𝑖

𝑎→𝐴 + 𝛿𝐺𝑖
𝑏→𝐵) − 〈𝐺𝑗,𝑘

𝐴𝐵〉] − [(𝐺𝑖
𝑎𝑏 + 𝛿𝐺𝑖

𝑏→𝐵) − 〈𝐺𝑗,𝑘
𝑎𝐵〉])

− ([(𝐺𝑖
𝑎𝑏 + 𝛿𝐺𝑖

𝑎→𝐴) − 〈𝐺𝑗,𝑘
𝐴𝑏〉] − [𝐺𝑖

𝑎𝑏 − 〈𝐺𝑗,𝑘
𝑎𝑏〉]) 



 124 

𝜀 = 𝐺𝑖
𝑎𝑏 + 𝛿𝐺𝑖

𝑎→𝐴 + 𝛿𝐺𝑖
𝑏→𝐵 − 〈𝐺𝑗,𝑘

𝐴𝐵〉 − 𝐺𝑖
𝑎𝑏 − 𝛿𝐺𝑖

𝑏→𝐵 + 〈𝐺𝑗,𝑘
𝑎𝐵〉 − 𝐺𝑖

𝑎𝑏 − 𝛿𝐺𝑖
𝑎→𝐴  

+ 〈𝐺𝑗,𝑘
𝐴𝑏〉 + 𝐺𝑖

𝑎𝑏 − 〈𝐺𝑗,𝑘
𝑎𝑏〉 

𝜀 = −〈𝐺𝑗,𝑘
𝐴𝐵〉 + 〈𝐺𝑗,𝑘

𝑎𝐵〉  + 〈𝐺𝑗,𝑘
𝐴𝑏〉 − 〈𝐺𝑗,𝑘

𝑎𝑏〉 

𝜀 = −[(〈𝐺𝑗,𝑘
𝐴𝐵〉 − 〈𝐺𝑗,𝑘

𝑎𝐵〉 ) − (〈𝐺𝑗,𝑘
𝐴𝑏〉 − 〈𝐺𝑗,𝑘

𝑎𝑏〉)] 

 

This cannot be simplified further, implying that 𝜀 may be non-zero. 

 

1.2 To see ensemble epistasis, it is necessary to have three or more conformations 

 

We can next consider the two-conformation case, where k is not populated. In this 

case:  

 

∆𝐺𝑜𝑏𝑠
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

= 𝐺𝑖
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

− 〈𝐺𝑗
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒〉 

 

simplifies to: 

 

〈𝐺𝑗
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒〉 = −𝑅𝑇𝑙𝑛 (𝑒−

𝐺
𝑗
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

𝑅𝑇 ) = 𝐺𝑗
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

. 

 

As in Section 1.1, we can write a table showing ∆𝐺𝑜𝑏𝑠 for each genotype: 

 

Table A2 Map between genotype and the thermodynamic description of ∆𝑮𝒐𝒃𝒔
𝒈𝒆𝒏𝒐𝒕𝒚𝒑𝒆

 

for a two-conformation ensemble 
Genotype ∆𝑮𝒐𝒃𝒔

𝒈𝒆𝒏𝒐𝒕𝒚𝒑𝒆
 

ab 𝐺𝑖
𝑎𝑏 − 𝐺𝑗

𝑎𝑏 

Ab (𝐺𝑖
𝑎𝑏  + 𝛿𝐺𝑖

𝑎→𝐴) − (𝐺𝑗
𝑎𝑏  + 𝛿𝐺𝑗

𝑎→𝐴) 

aB (𝐺𝑖
𝑎𝑏  +  𝛿𝐺𝑖

𝑏→𝐵) − (𝐺𝑗
𝑎𝑏  + 𝛿𝐺𝑗

𝑏→𝐵) 

AB (𝐺𝑖
𝑎𝑏  +  𝛿𝐺𝑖

𝑎→𝐴 +  𝛿𝐺𝑖
𝑏→𝐵) − (𝐺𝑗

𝑎𝑏  + 𝛿𝐺𝑗
𝑎→𝐴 + 𝛿𝐺𝑗

𝑏→𝐵) 

 

If we substitute the relevant expressions for ∆𝐺𝑜𝑏𝑠
𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒

 into our expression for 𝜀 we get 
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𝜀 = ([(𝐺𝑖
𝑎𝑏  +  𝛿𝐺𝑖

𝑎→𝐴 + 𝛿𝐺𝑖
𝑏→𝐵) − (𝐺𝑗

𝑎𝑏  +  𝛿𝐺𝑗
𝑎→𝐴+ 𝛿𝐺𝑗

𝑏→𝐵)]

− [(𝐺𝑖
𝑎𝑏  +  𝛿𝐺𝑖

𝑏→𝐵) − (𝐺𝑗
𝑎𝑏  +  𝛿𝐺𝑗

𝑏→𝐵)])

− ([(𝐺𝑖
𝑎𝑏  +  𝛿𝐺𝑖

𝑎→𝐴) − (𝐺𝑗
𝑎𝑏  +  𝛿𝐺𝑗

𝑎→𝐴)] − [𝐺𝑖
𝑎𝑏 − 𝐺𝑗

𝑎𝐴])  

𝜀 = 𝐺𝑖
𝑎𝑏  +  𝛿𝐺𝑖

𝑎→𝐴 + 𝛿𝐺𝑖
𝑏→𝐵 − 𝐺𝑗

𝑎𝑏  −  𝛿𝐺𝑗
𝑎→𝐴 −  𝛿𝐺𝑗

𝑏→𝐵 − 𝐺𝑖
𝑎𝑏  − 𝛿𝐺𝑖

𝑏→𝐵 + 𝐺𝑗
𝑎𝑏  

+  𝛿𝐺𝑗
𝑏→𝐵 − 𝐺𝑖

𝑎𝑏  − 𝛿𝐺𝑖
𝑎→𝐴 + 𝐺𝑗

𝑎𝑏  +  𝛿𝐺𝑗
𝑎→𝐴 + 𝐺𝑖

𝑎𝑏 − 𝐺𝑗
𝑎𝐴  

𝜀 = 0  

All terms cancel, demonstrating it is necessary to have at least three conformations to 

observe ensemble epistasis.  

 

1.3 To see ensemble epistasis, it is necessary for mutations a→A and b→B to have 

different effects on conformations j and k. 

To test the necessity of mutations having differential effects on conformations j 

and k, we set 𝛿𝐺𝑗
𝑏→𝐵=𝛿𝐺𝑘

𝑏→𝐵 = 𝛿𝐺𝑗,𝑘
𝑏→𝐵 . This means mutation b→B has the same effect 

on conformations j and k. In contrast, we left 𝛿𝐺𝑗
𝑎→𝐴 ≠ 𝛿𝐺𝑘

𝑎→𝐴, meaning a→A has 

different effects on conformations j and k. Because b→B has identical effects and a→A 

has differential effects, this analysis tests whether it is necessary for both mutations to 

have differential effects to observe ensemble epistasis.  

Consider the expression for 〈𝐺𝑗,𝑘
𝑎𝐵〉:  

〈𝐺𝑗,𝑘
𝑎𝐵〉 = −𝑅𝑇𝑙𝑛 (𝑒−

(𝐺𝑗
𝑎𝑏+𝛿𝐺𝑗𝑘

𝑏→𝐵)

𝑅𝑇 + 𝑒−
(𝐺𝑘

𝑎𝑏+𝛿𝐺𝑗𝑘
𝑏→𝐵)

𝑅𝑇 ) 

Because 𝛿𝐺𝑗𝑘
𝑏→𝐵 is shared among terms, we can factor it out: 

〈𝐺𝑗,𝑘
𝑎𝐵〉 = −𝑅𝑇𝑙𝑛 (𝑒−

(𝐺𝑗
𝑎𝑏)

𝑅𝑇 𝑒−
(𝛿𝐺𝑗𝑘

𝑏→𝐵)

𝑅𝑇 + 𝑒−
(𝐺𝑘

𝑎𝑏)

𝑅𝑇 𝑒−
(𝛿𝐺𝑗𝑘

𝑏→𝐵)

𝑅𝑇 ) 
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〈𝐺𝑗,𝑘
𝑎𝐵〉 = −𝑅𝑇𝑙𝑛 (𝑒−

(𝛿𝐺𝑗𝑘
𝑏→𝐵)

𝑅𝑇 (𝑒−
(𝐺𝑗

𝑎𝑏)

𝑅𝑇 + 𝑒−
(𝐺𝑘

𝑎𝑏)

𝑅𝑇 )) 

〈𝐺𝑗,𝑘
𝑎𝐵〉 = −𝑅𝑇𝑙𝑛 (𝑒−

(𝛿𝐺𝑗𝑘
𝑏→𝐵)

𝑅𝑇 ) − 𝑅𝑇𝑙𝑛 (𝑒−
(𝐺𝑗

𝑎𝑏)

𝑅𝑇 + 𝑒−
(𝐺𝑘

𝑎𝑏)

𝑅𝑇 ) 

〈𝐺𝑗,𝑘
𝑎𝐵〉 = 𝛿𝐺𝑗𝑘

𝑏→𝐵 − 𝑅𝑇𝑙𝑛 (𝑒−
(𝐺𝑗

𝑎𝑏)

𝑅𝑇 + 𝑒−
(𝐺𝑘

𝑎𝑏)

𝑅𝑇 ) 

〈𝐺𝑗,𝑘
𝑎𝐵〉 = 𝛿𝐺𝑗𝑘

𝑏→𝐵 + 〈𝐺𝑗,𝑘
𝑎𝑏〉. 

Using the same reasoning, we can factor 𝛿𝐺𝑗𝑘
𝑏→𝐵 out of the expression for 〈𝐺𝑗,𝑘

𝐴𝐵〉: 

〈𝐺𝑗,𝑘
𝐴𝐵〉 = 𝛿𝐺𝑗𝑘

𝑏→𝐵 + 〈𝐺𝑗,𝑘
𝐴𝑏〉. 

We can then substitute these simplified expressions for 〈𝐺𝑗,𝑘
𝑎𝐵〉 and 〈𝐺𝑗,𝑘

𝐴𝐵〉 into the 

expression for 𝜀: 

𝜀 = [(〈𝐺𝑗,𝑘
𝑎𝐵〉 − 〈𝐺𝑗,𝑘

𝐴𝐵〉 ) − (〈𝐺𝑗,𝑘
𝑎𝑏〉 − 〈𝐺𝑗,𝑘

𝐴𝑏〉)] 

𝜀 = ([𝛿𝐺𝑗𝑘
𝑏→𝐵 + 〈𝐺𝑗,𝑘

𝑎𝑏〉] − [𝐺𝑗𝑘
𝑏→𝐵 + 〈𝐺𝑗,𝑘

𝐴𝑏〉]) − (〈𝐺𝑗,𝑘
𝑎𝑏〉 − 〈𝐺𝑗,𝑘

𝐴𝑏〉) 

𝜀 = 𝛿𝐺𝑗𝑘
𝑏→𝐵 + 〈𝐺𝑗,𝑘

𝑎𝑏〉 − 𝐺𝑗𝑘
𝑏→𝐵 − 〈𝐺𝑗,𝑘

𝐴𝑏〉 − 〈𝐺𝑗,𝑘
𝑎𝑏〉 + 〈𝐺𝑗,𝑘

𝐴𝑏〉 

𝜀 = 0. 

All terms cancel, demonstrating that it is necessary for both a→A and b→B to have 

differential effects on conformations j and k to observe ensemble epistasis. 

2 Modeling the calcium-dependence of ensemble populations for S100A4. 

2.1 Deriving the model 

S100A4 populates both a closed conformation (M) and an open conformation 

(𝑀∗), differentiated by exposure of a hydrophobic cleft by rotation of two helices. In the 

absence of 𝐶𝑎2+, M is favored over 𝑀∗. 𝐶𝑎2+ binds cooperatively to four sites in the 𝑀∗ 
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conformation 111. The 𝑀∗ ∙ (𝐶𝑎2+) and M species correspond to the “ca” and “apo” 

species from the main text. Finally, peptide binds preferentially to the 𝑀∗ conformation. 

To model the system, we make the following assumptions: 

• M is strongly favored over 𝑀∗ in the absence of 𝐶𝑎2+. 

• 𝐶𝑎2+ binds cooperatively at four equivalent sites on 𝑀∗. 

• 𝐶𝑎2+ binds cooperatively at four equivalent sites on 𝑀∗ than M, allowing us to 

neglect the 𝑀 ∙ (𝐶𝑎2+). 

• 𝑃𝑒𝑝𝑡𝑖𝑑𝑒 binds much more tightly to 𝑀∗ than M, allowing us to neglect any 𝑀 ∙

𝑝𝑒𝑝𝑡𝑖𝑑𝑒 conformations. 

With these assumptions, we can describe the system with the following scheme and 

equilibrium constants: 

𝑀 + 4𝐶𝑎2+ ↔ 𝑀∗ + 4𝐶𝑎2+ ↔ 𝑀∗ ∙ (𝐶𝑎2+)4 

𝐾∗ =
[𝑀∗]

[𝑀]
 

𝐾𝐶 =
[𝑀∗∙(𝐶𝑎2+)

4
]

[𝑀∗][𝐶𝑎2+]4 . 

The stability of 𝑀∗ ∙ (𝐶𝑎2+)4 relative to the other protein conformations is given by: 

𝐺 = −𝑅𝑇𝑙𝑛 (
[𝑀∗∙(𝐶𝑎2+)

4
]

[𝑀]+[𝑀∗]
). 

Substitute the equilibrium constants and simplify: 

𝐺 = −𝑅𝑇𝑙𝑛 (
[𝑀∗]𝐾𝐶[𝐶𝑎2+]

4

[𝑀]+[𝑀∗]
), 

𝐺 = −𝑅𝑇𝑙𝑛 (
𝐾∗[𝑀∗]𝐾𝐶[𝐶𝑎2+]

4

[𝑀]+𝐾∗[𝑀∗]
), 

𝐺 = −𝑅𝑇𝑙𝑛 (
𝐾∗𝐾𝐶[𝐶𝑎2+]

4

1+𝐾∗
). 
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Assume that 𝐾∗ ≪ 1, meaning that M is highly favored over 𝑀∗ in the absence of 

𝐶𝑎2+: 

𝐺 ≈ −𝑅𝑇𝑙𝑛 (
𝐾∗𝐾𝐶[𝐶𝑎2+]4

1
) = −𝑅𝑇𝑙𝑛(𝐾∗𝐾𝐶[𝐶𝑎2+]4) 

𝐺 = −𝑅𝑇𝑙𝑛(𝐾∗) − 𝑅𝑇𝑙𝑛(𝐾𝐶) − 𝑅𝑇𝑙𝑛([𝐶𝑎2+]4) 

𝐺 = −𝑅𝑇𝑙𝑛(𝐾∗) − 𝑅𝑇𝑙𝑛(𝐾𝐶) − 4𝑅𝑇𝑙𝑛([𝐶𝑎2+] ). 

Setting 𝜇𝐶𝑎2+ = 𝑅𝑇𝑙𝑛([𝐶𝑎2+]): 

𝐺 = 𝐺∗ + 𝐺𝐶 − 4𝜇𝐶𝑎2+. 

where 𝐺∗ is the stability of 𝑀∗ relative to M in the absence of 𝐶𝑎2+. 𝐺𝐶 describes the 

affinity of the 𝑀∗ conformation for 𝐶𝑎2+. The terms 𝐺∗ and 𝐺𝐶, together, describe the 

intrinsic stability of the active, metal-bound “ca” complex at a reference [𝐶𝑎2+]. We 

therefore define a new constant:  

𝐺𝑐𝑎
° ≡ 𝐺∗ + 𝐺𝐶 

 

The final expression for 𝐺𝑐𝑎(𝜇𝐶𝑎2+) is: 

𝐺𝑐𝑎(𝜇𝐶𝑎2+) = 𝐺𝑐𝑎
° − 4𝜇𝐶𝑎2+. 

The microscopic free energy of the apo (M) conformation does not depend on the 

concentration of 𝐶𝑎2+; therefore, 𝐺𝑎𝑝𝑜  is a constant: 

𝐺𝑎𝑝𝑜(𝜇𝐶𝑎2+) = 𝐺𝑎𝑝𝑜
° . 

2.2 Setting arbitrary offset 

We do not know 𝐺𝑐𝑎
°  or 𝐺𝑎𝑝𝑜

° . We do know, however, that at a low calcium 

concentration 𝐺𝑎𝑝𝑜
° (𝜇𝐶𝑎2+) ≪ 𝐺𝑐𝑎

° (𝜇𝐶𝑎2+) (meaning, the M form is favored over 𝑀∗ at 

low calcium). We also know that 𝐺𝑐𝑎
° (𝜇𝐶𝑎2+)  will increase linearly relative to 
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𝐺𝑎𝑝𝑜
° (𝜇𝐶𝑎2+) as a function of 𝜇𝐶𝑎2+. If we do not care about the absolute value of 

[𝐶𝑎2+] at which the system transitions between favoring $apo and pep, we can choose 

arbitrary values for 𝐺𝑐𝑎
°  and 𝐺𝑎𝑝𝑜

°  and then still calculate how epistasis should change as a 

function of 𝜇𝐶𝑎2+for the protein. For convenience, we set 𝐺𝑎𝑝𝑜
° = 0 and 𝐺𝑐𝑎

° = 10 at 

𝜇𝐶𝑎2+ = 0. We tested the sensitivity of our results to our choice of  𝐺𝑎𝑝𝑜
°  (Fig S1).  

2.3 Modeling mutant cycles 

ab genotype 

𝐺𝑐𝑎
𝑎𝑏(𝜇𝐶𝑎2+) = 𝐺𝑐𝑎

° − 4𝜇𝐶𝑎2+ 

𝐺𝑎𝑝𝑜
𝑎𝑏 = 𝐺𝑎𝑝𝑜

°  

〈𝐺𝑐𝑎,𝑎𝑝𝑜
𝑎𝑏 〉(𝜇𝐶𝑎2+) = −𝑅𝑇𝑙𝑛 (𝑒−

(𝐺𝑐𝑎
° −4𝜇𝐶𝑎2+)

𝑅𝑇 + 𝑒−
(𝐺𝑎𝑝𝑜

° )

𝑅𝑇 ) 

 

 

 

Ab genotype: 

𝐺𝑐𝑎
𝐴𝑏(𝜇𝐶𝑎2+) = 𝐺𝑐𝑎

° − 4𝜇𝐶𝑎2+ + 𝛿𝐺𝑐𝑎
𝑎→𝐴 

𝐺𝑎𝑝𝑜
𝐴𝑏 = 𝐺𝑎𝑝𝑜

° + 𝛿𝐺𝑎𝑝𝑜
𝑎→𝐴 

〈𝐺𝑐𝑎,𝑎𝑝𝑜
𝐴𝑏 〉(𝜇𝐶𝑎2+) = −𝑅𝑇𝑙𝑛 (𝑒−

(𝐺𝑐𝑎
° −4𝜇𝐶𝑎2++𝛿𝐺𝑐𝑎

𝑎→𝐴)

𝑅𝑇 + 𝑒−
(𝐺𝑎𝑝𝑜

° +𝛿𝐺𝑎𝑝𝑜
𝑎→𝐴)

𝑅𝑇 ) 

aB genotype: 

𝐺𝑐𝑎
𝑎𝐵(𝜇𝐶𝑎2+) = 𝐺𝑐𝑎

° − 4𝜇𝐶𝑎2+ + 𝛿𝐺𝑐𝑎
𝑏→𝐵  

𝐺𝑎𝑝𝑜
𝑎𝐵 = 𝐺𝑎𝑝𝑜

° + 𝛿𝐺𝑎𝑝𝑜
𝑏→𝐵 
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〈𝐺𝑐𝑎,𝑎𝑝𝑜
𝑎𝐵 〉(𝜇𝐶𝑎2+) = −𝑅𝑇𝑙𝑛 (𝑒−

(𝐺𝑐𝑎
° −4𝜇𝐶𝑎2++𝛿𝐺𝑐𝑎

𝑏→𝐵)

𝑅𝑇 + 𝑒−
(𝐺𝑎𝑝𝑜

° +𝛿𝐺𝑎𝑝𝑜
𝑏→𝐵)

𝑅𝑇 ) 

AB genotype: 

𝐺𝑐𝑎
𝐴𝐵(𝜇𝐶𝑎2+) = 𝐺𝑐𝑎

° − 4𝜇𝐶𝑎2+ + 𝛿𝐺𝑐𝑎
𝑎→𝐴 + 𝛿𝐺𝑐𝑎

𝑏→𝐵  

𝐺𝑎𝑝𝑜
𝐴𝐵 = 𝐺𝑎𝑝𝑜

° + 𝛿𝐺𝑎𝑝𝑜
𝑎→𝐴 + 𝛿𝐺𝑎𝑝𝑜

𝑏→𝐵 

〈𝐺𝑐𝑎,𝑎𝑝𝑜
𝐴𝐵 〉(𝜇𝐶𝑎2+) = −𝑅𝑇𝑙𝑛 (𝑒−

(𝐺𝑐𝑎
° −4𝜇𝐶𝑎2++𝛿𝐺𝑐𝑎

𝑎→𝐴+𝛿𝐺𝑐𝑎
𝑏→𝐵)

𝑅𝑇 + 𝑒−
(𝐺𝑎𝑝𝑜

° +𝛿𝐺𝑎𝑝𝑜
𝑎→𝐴+𝛿𝐺𝑎𝑝𝑜

𝑏→𝐵)

𝑅𝑇 ) 

Final expression for 𝜇𝐶𝑎2+-dependence of 𝜀: 

𝜀(𝜇𝐶𝑎2+) = −[(〈𝐺𝑐𝑎,𝑎𝑝𝑜
𝐴𝐵 〉 − 〈𝐺𝑐𝑎,𝑎𝑝𝑜

𝑎𝐵 〉) − (〈𝐺𝑐𝑎,𝑎𝑝𝑜
𝐴𝑏 〉 − 〈𝐺𝑐𝑎,𝑎𝑝𝑜

𝑎𝑏 〉)]. 
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APPENDIX B 

 

SUPPLEMENTARY MATERIAL FOR CHAPTER III 

 

This section includes the supplementary material and supplementary figures referenced in 

chapter III. 
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Supplementary Fig B1 Far-UV CD spectra for the mCherry-tagged and untagged 

wildtype lac repressor. CD spectra of the wildtype lac repressor protein (solid line) and 

the mCherry-tagged lac repressor (dashed).  
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Supplementary Fig B2 Induction curves of the mCherry-tagged and untagged 

wildtype lac repressor The in vivo induction curves with normalized YFP fluorescence 

on the y-axis and IPTG concentration (M) on the x-axis. The wildtype lac repressor is 

shown in black and the mCherry-tagged lac repressor is shown in dark red. 
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Supplementary Fig B3 MWC model fits and corner plots for all eight genotypes. The 

top plots of each row show fractional saturation of operator on the x-axis and protein 

concentration in nM on the y-axis. Circles are averages of measured datapoints, error bars 

represent the standard deviation, and solid lines represent the fit curve using the Bayesian 

MCMC fit parameter estimates. Each color represents measurements made at a different 

IPTG concentration: 0 mM (red), 0.1 mM (dark blue), 0.3 mM (gold), and 1.0 mM (teal). 

Residual plots are shown below, with the residual on the y-axis and protein concentration 

in nM on the x-axis. Corner plots for Bayesian MCMC fits are shown below residual 

plots for all four fit parameters: Kratio, KH-E, KL-E, and factor.  
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Supplementary Fig B4 Simulated species concentration as a function of IPTG 

concentration. Species concentration (y-axis, nM) as a function of IPTG concentration 

(x-axis, M) for each lac repressor genotype studied. Each group of conformations is 

shown as follows: unbound conformations (light grey and dark grey; H and L), operator 

bound (dark teal; H-DNA, L-DNA) effector bound (peach; H-E, H-2E, L-E, and L-2E), 

and operator + effector bound conformations (light teal; H-DNA-E, H-DNA-2E, L-DNA-

E, L-DNA-2E). The solid line represents the average species concentration from 100 sets 

of sampled parameters from Bayesian MCMC fits. Shaded areas represent the average ± 

standard deviation. All calculations were done with [protein]total = 120 nM, [operator]total 

= 10 nM. 
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APPENDIX C 

SUPPLEMENTARY MATERIAL FOR CHAPTER IV 

This section includes the supplementary material and supplementary figures referenced in 

chapter IV. 
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Supplementary Section 1: Construct sequences and design 

The codon corrected nucleotide sequences of the ancestral GFP-like protein and the 

derived GFP-like protein sequence used to construct the library are found below. 

 

>Ancestral GFP-like protein 

ATGAGCGTGATCAAAAGCGACATGAAAATCAAACTGCGCATGGAGGGCACC

GTTAACGGCCACAAGTTCGTGATCGAAGGTGAAGGCGAAGGTAAACCGTACG

AAGGCACCCAGACCATGAACCTGAAAGTGAAAGAAGGCGCCCCGCTGCCGT

TTGCCTATGATATCCTGACCACCGCTTTCCAGTACGGTAACCGCGTTTTCACT

AAATACCCTAAGGACATCCCGGACTACTTTAAGCAGAGCTTCCCGGAAGGCT

ACAGCTGGGAACGCAGTATGACCTTTGAGGATGGCGGCATTTGCACCGCCAC

TTCTGATATCACCTTGGAAGGCGACTGCTTCTTCTACGAAATCCGCTTTGACG

GCGTGAACTTTCCGCCGAATGGTCCGGTGATGCAGAAGAAGACACTGAAGTG

GGAGCCGAGCACCGAAAAAATGTACGTGCGCGATGGCGTTCTGATGGGTGAT

GTTAACATGGCACTGCTGCTGGAAGGTGGTGGTCACTACCGCTGCGACTTTA

AGACCACCTACAAAGCAAAGAAAGGCGTGCAGCTGCCGGATTATCATTTTGT

GGACCACCGTATCGAGATCCTGAGCCATGATAAAGACTACAATAATGTTAAA

CTGTATGAACATGCCGTTGCCCGTTACAGCATGCTGCCTAGCCTGGCCAAAG

CCGCCTAATAA 
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>Derived GFP-like protein 

ATGAGCGTGATCAAAAGCGACATGAAAATCAAACTGCGCATGGAGGGCACC

GTTAACGGCCACAAGTTCGTGATCGTTGGTGAAGGCGAAGGTAAACCGTACG

AAGGCACCCAGACCATGAACCTGAAAGTGAAAGAAGGCGCCCCGCTGCCGT

TTGCCTATGATATCCTGACCACCGTTTTCCATTACGGTAACCGCGTTTTCGCTA

AATACCCTAAGCATATCCCGGACTACTTTAAGCAGAGCTTCCCGGAAGGCTA

CAGCTGGGAACGCAGTATGACCTTTGAGGATGGCGGCATTTGCACCGCCCGT

AACGATATCACCTTGGAAGGCGACTGCTTCTTCAACGAAATCCGCTTTGACG

GCGTGAACTTTCCGCCGAATGGTCCGGTGATGCAGAAGAAGACACTGAAGTG

GGAGCCGAGCACCGAAAAAATGTACGTGCGCGATGGCGTTCTGACTGGTGAT

ATCAACATGGCACTGCTGCTGGAAGGTGGTGGTCACTACCGCTGCGACTTTA

AGACCACCTACAAAGCAAAGAAAGGCGTGCAGCTGCCGGATTATCATTTTGT

GGACCACTGCATCGAGATCCTGAGCCATGATAAAGACTACAATAATGTTAAA

CTGTATGAACATGCCGAAGCCCATAGCGTTCTGCCTAGCCTGGCCAAAGCCG

CCTAATAA 
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Supplementary Fig C1 Full plasmid map for the GFP-like protein library. Relevant 

construct components are highlighted. All circled restriction enzymes are those used in 

genotype to barcode association study. Bolded restriction enzymes make single cuts in 

the construct. Mutation positions relative to the GFP-like library sequence are shown as 

lines.  
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In the sequences below, please note that the ‘NNNNNNNNNNN…’ portion corresponds 

to the region where the molecular barcode is located (shown in magenta in 

Supplementary Fig 1 and 2).  

 

>pQE30-EBFFP2-AncGFP 

CTCGAGAAATCATAAAAAATTTATTTGCTTTGTGAGCGGATAACAATTATAAT

AGATTCAATTGTGAGCGGATAACAATTTCACACAGAATTCATTAAAGAGGAG

AAATTAACTATGAGAGGATCGCATCACCATCACCATCACGGATCCATGGTGA

GCAAGGGCGAGGAGCTGTTCACCGGGGTGGTGCCCATCCTGGTCGAGCTGGA

CGGCGACGTAAACGGCCACAAGTTCAGCGTGAGGGGCGAGGGCGAGGGCGA

TGCCACCAACGGCAAGCTGACCCTGAAGTTCATCTGCACCACCGGCAAGCTG

CCCGTGCCCTGGCCCACCCTCGTGACCACCCTGAGCCACGGCGTGCAGTGCTT

CGCCCGCTACCCCGACCACATGAAGCAGCACGACTTCTTCAAGTCCGCCATG

CCCGAAGGCTACGTCCAGGAGCGCACCATCTTCTTCAAGGACGACGGCACCT

ACAAGACCCGCGCCGAGGTGAAGTTCGAGGGCGACACCCTGGTGAACCGCA

TCGAGCTGAAGGGCGTCGACTTCAAGGAGGACGGCAACATCCTGGGGCACA

AGCTGGAGTACAACTTCAACAGCCACAACATCTATATCATGGCCGTCAAGCA

GAAGAACGGCATCAAGGTGAACTTCAAGATCCGCCACAACGTGGAGGACGG

CAGCGTGCAGCTCGCCGACCACTACCAGCAGAACACCCCCATCGGCGACGGC

CCCGTGCTGCTGCCCGACAGCCACTACCTGAGCACCCAGTCCGTGCTGAGCA

AAGACCCCAACGAGAAGCGCGATCACATGGTCCTGCTGGAGTTCCGCACCGC

CGCCGGGATCACTCTCGGCATGGACGAGCTGTACAAGGGATCCGCATGCGAG

CTCGGTACCGGCAGCCTGGCAGAAGCAGCCGCCAAAGAAGCTGCCGCAAAA
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GAAGCCGCCGCAAAGGCCGCCGCAGCCAGTATCGTGCATAATAGCCTGGCTA

GCATGAGCGTGATCAAAAGCGACATGAAAATCAAACTGCGCATGGAGGGCA

CCGTTAACGGCCACAAGTTCGTGATCGAAGGTGAAGGCGAAGGTAAACCGTA

CGAAGGCACCCAGACCATGAACCTGAAAGTGAAAGAAGGCGCCCCGCTGCC

GTTTGCCTATGATATCCTGACCACCGCTTTCCAGTACGGTAACCGCGTTTTCA

CTAAATACCCTAAGGACATCCCGGACTACTTTAAGCAGAGCTTCCCGGAAGG

CTACAGCTGGGAACGCAGTATGACCTTTGAGGATGGCGGCATTTGCACCGCC

ACTTCTGATATCACCTTGGAAGGCGACTGCTTCTTCTACGAAATCCGCTTTGA

CGGCGTGAACTTTCCGCCGAATGGTCCGGTGATGCAGAAGAAGACACTGAAG

TGGGAGCCGAGCACCGAAAAAATGTACGTGCGCGATGGCGTTCTGATGGGTG

ATGTTAACATGGCACTGCTGCTGGAAGGTGGTGGTCACTACCGCTGCGACTTT

AAGACCACCTACAAAGCAAAGAAAGGCGTGCAGCTGCCGGATTATCATTTTG

TGGACCACCGTATCGAGATCCTGAGCCATGATAAAGACTACAATAATGTTAA

ACTGTATGAACATGCCGTTGCCCGTTACAGCATGCTGCCTAGCCTGGCCAAA

GCCGCCTAATAATCGTAGCCCGGGCATCCTAGGANNNNNNNNNNNNNNNNN

NNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNGCGGCCGCGGTACCCCG

GGTCGACCTGCAGCCAAGCTTAATTAGCTGAGCTTGGACTCCTGTTGATAGAT

CCAGTAATGACCTCAGAACTCCATCTGGATTTGTTCAGAACGCTCGGTTGCCG

CCGGGCGTTTTTTATTGGTGAGAATCCAAGCTTGCTTGGCGAGATTTTCAGGA

GCTAAGGAAGCTAAAATGGAGAAAAAAATCACTGGATATACCACCGTTGATA

TATCCCAATGGCATCGTAAAGAACATTTTGAGGCATTTCAGTCAGTTGCTCAA

TGTACCTATAACCAGACCGTTCAGCTGGATATTACGGCCTTTTTAAAGACCGT

AAAGAAAAATAAGCACAAGTTTTATCCGGCCTTTATTCACATTCTTGCCCGCC
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TGATGAATGCTCATCCGGAATTTCGTATGGCAATGAAAGACGGTGAGCTGGT

GATATGGGATAGTGTTCACCCTTGTTACACCGTTTTCCATGAGCAAACTGAAA

CGTTTTCATCGCTCTGGAGTGAATACCACGACGATTTCCGGCAGTTTCTACAC

ATATATTCGCAAGATGTGGCGTGTTACGGTGAAAACCTGGCCTATTTCCCTAA

AGGGTTTATTGAGAATATGTTTTTCGTCTCAGCCAATCCCTGGGTGAGTTTCA

CCAGTTTTGATTTAAACGTGGCCAATATGGACAACTTCTTCGCCCCCGTTTTC

ACCATGGGCAAATATTATACGCAAGGCGACAAGGTGCTGATGCCGCTGGCGA

TTCAGGTTCATCATGCCGTTTGTGATGGCTTCCATGTCGGCAGAATGCTTAAT

GAATTACAACAGTACTGCGATGAGTGGCAGGGCGGGGCGTAATTTTTTTAAG

GCAGTTATTGGTGCCCTTAAACGCCTGGGGTAATGACTCTCTAGCTTGAGGCA

TCAAATAAAACGAAAGGCTCAGTCGAAAGACTGGGCCTTTCGTTTTATCTGTT

GTTTGTCGGTGAACGCTCTCCTGAGTAGGACAAATCCGCCCTCTTGAGCTGCC

TCGCGCGTTTCGGTGATGACGGTGAAAACCTCTGACACATGCAGCTCCCGGA

GACGGTCACAGCTTGTCTGTAAGCGGATGCCGGGAGCAGACAAGCCCGTCAG

GGCGCGTCAGCGGGTGTTGGCGGGTGTCGGGGCGCAGCCATGACCCAGTCAC

GTAGCGATAGCGGAGTGTATACTGGCTTAACTATGCGGCATCAGAGCAGATT

GTACTGAGAGTGCACCATATGCGGTGTGAAATACCGCACAGATGCGTAAGGA

GAAAATACCGCATCAGGCGCTCTTCCGCTTCCTCGCTCACTGACTCGCTGCGC

TCGGTCGTTCGGCTGCGGCGAGCGGTATCAGCTCACTCAAAGGCGGTAATAC

GGTTATCCACAGAATCAGGGGATAACGCAGGAAAGAACATGTGAGCAAAAG

GCCAGCAAAAGGCCAGGAACCGTAAAAAGGCCGCGTTGCTGGCGTTTTTCCA

TAGGCTCCGCCCCCCTGACGAGCATCACAAAAATCGACGCTCAAGTCAGAGG

TGGCGAAACCCGACAGGACTATAAAGATACCAGGCGTTTCCCCCTGGAAGCT
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CCCTCGTGCGCTCTCCTGTTCCGACCCTGCCGCTTACCGGATACCTGTCCGCC

TTTCTCCCTTCGGGAAGCGTGGCGCTTTCTCATAGCTCACGCTGTAGGTATCT

CAGTTCGGTGTAGGTCGTTCGCTCCAAGCTGGGCTGTGTGCACGAACCCCCC

GTTCAGCCCGACCGCTGCGCCTTATCCGGTAACTATCGTCTTGAGTCCAACCC

GGTAAGACACGACTTATCGCCACTGGCAGCAGCCACTGGTAACAGGATTAGC

AGAGCGAGGTATGTAGGCGGTGCTACAGAGTTCTTGAAGTGGTGGCCTAACT

ACGGCTACACTAGAAGGACAGTATTTGGTATCTGCGCTCTGCTGAAGCCAGT

TACCTTCGGAAAAAGAGTTGGTAGCTCTTGATCCGGCAAACAAACCACCGCT

GGTAGCGGTGGTTTTTTTGTTTGCAAGCAGCAGATTACGCGCAGAAAAAAAG

GATCTCAAGAAGATCCTTTGATCTTTTCTACGGGGTCTGACGCTCAGTGGAAC

GAAAACTCACGTTAAGGGATTTTGGTCATGAGATTATCAAAAAGGATCTTCA

CCTAGATCCTTTTAAATTAAAAATGAAGTTTTAAATCAATCTAAAGTATATAT

GAGTAAACTTGGTCTGACAGTTACCAATGCTTAATCAGTGAGGCACCTATCTC

AGCGATCTGTCTATTTCGTTCATCCATAGTTGCCTGACTCCCCGTCGTGTAGA

TAACTACGATACGGGAGGGCTTACCATCTGGCCCCAGTGCTGCAATGATACC

GCGAGACCCACGCTCACCGGCTCCAGATTTATCAGCAATAAACCAGCCAGCC

GGAAGGGCCGAGCGCAGAAGTGGTCCTGCAACTTTATCCGCCTCCATCCAGT

CTATTAATTGTTGCCGGGAAGCTAGAGTAAGTAGTTCGCCAGTTAATAGTTTG

CGCAACGTTGTTGCCATTGCTACAGGCATCGTGGTGTCACGCTCGTCGTTTGG

TATGGCTTCATTCAGCTCCGGTTCCCAACGATCAAGGCGAGTTACATGATCCC

CCATGTTGTGCAAAAAAGCGGTTAGCTCCTTCGGTCCTCCGATCGTTGTCAGA

AGTAAGTTGGCCGCAGTGTTATCACTCATGGTTATGGCAGCACTGCATAATTC

TCTTACTGTCATGCCATCCGTAAGATGCTTTTCTGTGACTGGTGAGTACTCAA
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CCAAGTCATTCTGAGAATAGTGTATGCGGCGACCGAGTTGCTCTTGCCCGGC

GTCAATACGGGATAATACCGCGCCACATAGCAGAACTTTAAAAGTGCTCATC

ATTGGAAAACGTTCTTCGGGGCGAAAACTCTCAAGGATCTTACCGCTGTTGA

GATCCAGTTCGATGTAACCCACTCGTGCACCCAACTGATCTTCAGCATCTTTT

ACTTTCACCAGCGTTTCTGGGTGAGCAAAAACAGGAAGGCAAAATGCCGCAA

AAAAGGGAATAAGGGCGACACGGAAATGTTGAATACTCATACTCTTCCTTTT

TCAATATTATTGAAGCATTTATCAGGGTTATTGTCTCATGAGCGGATACATAT

TTGAATGTATTTAGAAAAATAAACAAATAGGGGTTCCGCGCACATTTCCCCG

AAAAGTGCCACCTGACGTCTAAGAAACCATTATTATCATGACATTAACCTAT

AAAAATAGGCGTATCACGAGGCCCTTTCGTCTTCAC 
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>pQE30-EBFP2-Anc15 

CTCGAGAAATCATAAAAAATTTATTTGCTTTGTGAGCGGATAACAATTATAAT

AGATTCAATTGTGAGCGGATAACAATTTCACACAGAATTCATTAAAGAGGAG

AAATTAACTATGAGAGGATCGCATCACCATCACCATCACGGATCCATGGTGA

GCAAGGGCGAGGAGCTGTTCACCGGGGTGGTGCCCATCCTGGTCGAGCTGGA

CGGCGACGTAAACGGCCACAAGTTCAGCGTGAGGGGCGAGGGCGAGGGCGA

TGCCACCAACGGCAAGCTGACCCTGAAGTTCATCTGCACCACCGGCAAGCTG

CCCGTGCCCTGGCCCACCCTCGTGACCACCCTGAGCCACGGCGTGCAGTGCTT

CGCCCGCTACCCCGACCACATGAAGCAGCACGACTTCTTCAAGTCCGCCATG

CCCGAAGGCTACGTCCAGGAGCGCACCATCTTCTTCAAGGACGACGGCACCT

ACAAGACCCGCGCCGAGGTGAAGTTCGAGGGCGACACCCTGGTGAACCGCA

TCGAGCTGAAGGGCGTCGACTTCAAGGAGGACGGCAACATCCTGGGGCACA

AGCTGGAGTACAACTTCAACAGCCACAACATCTATATCATGGCCGTCAAGCA

GAAGAACGGCATCAAGGTGAACTTCAAGATCCGCCACAACGTGGAGGACGG

CAGCGTGCAGCTCGCCGACCACTACCAGCAGAACACCCCCATCGGCGACGGC

CCCGTGCTGCTGCCCGACAGCCACTACCTGAGCACCCAGTCCGTGCTGAGCA

AAGACCCCAACGAGAAGCGCGATCACATGGTCCTGCTGGAGTTCCGCACCGC

CGCCGGGATCACTCTCGGCATGGACGAGCTGTACAAGGGATCCGCATGCGAG

CTCGGTACCGGCAGCCTGGCAGAAGCAGCCGCCAAAGAAGCTGCCGCAAAA

GAAGCCGCCGCAAAGGCCGCCGCAGCCAGTATCGTGCATAATAGCCTGGCTA

GCATGAGCGTGATCAAAAGCGACATGAAAATCAAACTGCGCATGGAGGGCA

CCGTTAACGGCCACAAGTTCGTGATCGTTGGTGAAGGCGAAGGTAAACCGTA

CGAAGGCACCCAGACCATGAACCTGAAAGTGAAAGAAGGCGCCCCGCTGCC
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GTTTGCCTATGATATCCTGACCACCGTTTTCCATTACGGTAACCGCGTTTTCGC

TAAATACCCTAAGCATATCCCGGACTACTTTAAGCAGAGCTTCCCGGAAGGC

TACAGCTGGGAACGCAGTATGACCTTTGAGGATGGCGGCATTTGCACCGCCC

GTAACGATATCACCTTGGAAGGCGACTGCTTCTTCAACGAAATCCGCTTTGAC

GGCGTGAACTTTCCGCCGAATGGTCCGGTGATGCAGAAGAAGACACTGAAGT

GGGAGCCGAGCACCGAAAAAATGTACGTGCGCGATGGCGTTCTGACTGGTGA

TATCAACATGGCACTGCTGCTGGAAGGTGGTGGTCACTACCGCTGCGACTTTA

AGACCACCTACAAAGCAAAGAAAGGCGTGCAGCTGCCGGATTATCATTTTGT

GGACCACTGCATCGAGATCCTGAGCCATGATAAAGACTACAATAATGTTAAA

CTGTATGAACATGCCGAAGCCCATAGCGTTCTGCCTAGCCTGGCCAAAGCCG

CCTAATAATCGTAGCCCGGGCATCCTAGGANNNNNNNNNNNNNNNNNNNNN

NNNNNNNNNNNNNNNNNNNNNNNNNNNNNGCGGCCGCGGTACCCCGGGTC

GACCTGCAGCCAAGCTTAATTAGCTGAGCTTGGACTCCTGTTGATAGATCCAG

TAATGACCTCAGAACTCCATCTGGATTTGTTCAGAACGCTCGGTTGCCGCCGG

GCGTTTTTTATTGGTGAGAATCCAAGCTTGCTTGGCGAGATTTTCAGGAGCTA

AGGAAGCTAAAATGGAGAAAAAAATCACTGGATATACCACCGTTGATATATC

CCAATGGCATCGTAAAGAACATTTTGAGGCATTTCAGTCAGTTGCTCAATGTA

CCTATAACCAGACCGTTCAGCTGGATATTACGGCCTTTTTAAAGACCGTAAAG

AAAAATAAGCACAAGTTTTATCCGGCCTTTATTCACATTCTTGCCCGCCTGAT

GAATGCTCATCCGGAATTTCGTATGGCAATGAAAGACGGTGAGCTGGTGATA

TGGGATAGTGTTCACCCTTGTTACACCGTTTTCCATGAGCAAACTGAAACGTT

TTCATCGCTCTGGAGTGAATACCACGACGATTTCCGGCAGTTTCTACACATAT

ATTCGCAAGATGTGGCGTGTTACGGTGAAAACCTGGCCTATTTCCCTAAAGG
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GTTTATTGAGAATATGTTTTTCGTCTCAGCCAATCCCTGGGTGAGTTTCACCA

GTTTTGATTTAAACGTGGCCAATATGGACAACTTCTTCGCCCCCGTTTTCACC

ATGGGCAAATATTATACGCAAGGCGACAAGGTGCTGATGCCGCTGGCGATTC

AGGTTCATCATGCCGTTTGTGATGGCTTCCATGTCGGCAGAATGCTTAATGAA

TTACAACAGTACTGCGATGAGTGGCAGGGCGGGGCGTAATTTTTTTAAGGCA

GTTATTGGTGCCCTTAAACGCCTGGGGTAATGACTCTCTAGCTTGAGGCATCA

AATAAAACGAAAGGCTCAGTCGAAAGACTGGGCCTTTCGTTTTATCTGTTGTT

TGTCGGTGAACGCTCTCCTGAGTAGGACAAATCCGCCCTCTTGAGCTGCCTCG

CGCGTTTCGGTGATGACGGTGAAAACCTCTGACACATGCAGCTCCCGGAGAC

GGTCACAGCTTGTCTGTAAGCGGATGCCGGGAGCAGACAAGCCCGTCAGGGC

GCGTCAGCGGGTGTTGGCGGGTGTCGGGGCGCAGCCATGACCCAGTCACGTA

GCGATAGCGGAGTGTATACTGGCTTAACTATGCGGCATCAGAGCAGATTGTA

CTGAGAGTGCACCATATGCGGTGTGAAATACCGCACAGATGCGTAAGGAGAA

AATACCGCATCAGGCGCTCTTCCGCTTCCTCGCTCACTGACTCGCTGCGCTCG

GTCGTTCGGCTGCGGCGAGCGGTATCAGCTCACTCAAAGGCGGTAATACGGT

TATCCACAGAATCAGGGGATAACGCAGGAAAGAACATGTGAGCAAAAGGCC

AGCAAAAGGCCAGGAACCGTAAAAAGGCCGCGTTGCTGGCGTTTTTCCATAG

GCTCCGCCCCCCTGACGAGCATCACAAAAATCGACGCTCAAGTCAGAGGTGG

CGAAACCCGACAGGACTATAAAGATACCAGGCGTTTCCCCCTGGAAGCTCCC

TCGTGCGCTCTCCTGTTCCGACCCTGCCGCTTACCGGATACCTGTCCGCCTTTC

TCCCTTCGGGAAGCGTGGCGCTTTCTCATAGCTCACGCTGTAGGTATCTCAGT

TCGGTGTAGGTCGTTCGCTCCAAGCTGGGCTGTGTGCACGAACCCCCCGTTCA

GCCCGACCGCTGCGCCTTATCCGGTAACTATCGTCTTGAGTCCAACCCGGTAA
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GACACGACTTATCGCCACTGGCAGCAGCCACTGGTAACAGGATTAGCAGAGC

GAGGTATGTAGGCGGTGCTACAGAGTTCTTGAAGTGGTGGCCTAACTACGGC

TACACTAGAAGGACAGTATTTGGTATCTGCGCTCTGCTGAAGCCAGTTACCTT

CGGAAAAAGAGTTGGTAGCTCTTGATCCGGCAAACAAACCACCGCTGGTAGC

GGTGGTTTTTTTGTTTGCAAGCAGCAGATTACGCGCAGAAAAAAAGGATCTC

AAGAAGATCCTTTGATCTTTTCTACGGGGTCTGACGCTCAGTGGAACGAAAA

CTCACGTTAAGGGATTTTGGTCATGAGATTATCAAAAAGGATCTTCACCTAGA

TCCTTTTAAATTAAAAATGAAGTTTTAAATCAATCTAAAGTATATATGAGTAA

ACTTGGTCTGACAGTTACCAATGCTTAATCAGTGAGGCACCTATCTCAGCGAT

CTGTCTATTTCGTTCATCCATAGTTGCCTGACTCCCCGTCGTGTAGATAACTAC

GATACGGGAGGGCTTACCATCTGGCCCCAGTGCTGCAATGATACCGCGAGAC

CCACGCTCACCGGCTCCAGATTTATCAGCAATAAACCAGCCAGCCGGAAGGG

CCGAGCGCAGAAGTGGTCCTGCAACTTTATCCGCCTCCATCCAGTCTATTAAT

TGTTGCCGGGAAGCTAGAGTAAGTAGTTCGCCAGTTAATAGTTTGCGCAACG

TTGTTGCCATTGCTACAGGCATCGTGGTGTCACGCTCGTCGTTTGGTATGGCT

TCATTCAGCTCCGGTTCCCAACGATCAAGGCGAGTTACATGATCCCCCATGTT

GTGCAAAAAAGCGGTTAGCTCCTTCGGTCCTCCGATCGTTGTCAGAAGTAAG

TTGGCCGCAGTGTTATCACTCATGGTTATGGCAGCACTGCATAATTCTCTTAC

TGTCATGCCATCCGTAAGATGCTTTTCTGTGACTGGTGAGTACTCAACCAAGT

CATTCTGAGAATAGTGTATGCGGCGACCGAGTTGCTCTTGCCCGGCGTCAATA

CGGGATAATACCGCGCCACATAGCAGAACTTTAAAAGTGCTCATCATTGGAA

AACGTTCTTCGGGGCGAAAACTCTCAAGGATCTTACCGCTGTTGAGATCCAGT

TCGATGTAACCCACTCGTGCACCCAACTGATCTTCAGCATCTTTTACTTTCAC
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CAGCGTTTCTGGGTGAGCAAAAACAGGAAGGCAAAATGCCGCAAAAAAGGG

AATAAGGGCGACACGGAAATGTTGAATACTCATACTCTTCCTTTTTCAATATT

ATTGAAGCATTTATCAGGGTTATTGTCTCATGAGCGGATACATATTTGAATGT

ATTTAGAAAAATAAACAAATAGGGGTTCCGCGCACATTTCCCCGAAAAGTGC

CACCTGACGTCTAAGAAACCATTATTATCATGACATTAACCTATAAAAATAG

GCGTATCACGAGGCCCTTTCGTCTTCAC 
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Supplementary Fig C2 GFP-like protein library construct design. The GFP-like 

protein library (green) was expressed as a 6x His-tagged fusion protein with EBFP2 

(blue). An alpha-helical rigid linker sequence was inserted between the two fluorescent 

proteins to reduce FRET between them (grey). All relevant restriction enzymes for 

barcode mapping are labelled above the library. Grey lines indicate the location of the 

restriction site in the sequence. All fifteen mutations in the library are shown at their 

location within the sequence. At the end of the GFP library there is a double stop codon 

(red hexagon). The 25 bp molecular barcode is shown in magenta at the C-terminal end 

of the library. 
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Table C1 Association of amino acid substitutions with the observation of red 

fluorescence. 

Site # (amino acid)a Ancestral amino 

acid 

Derived amino acid P-valueb 

26 E V 0.2 

60 A V 0.001 

62 Q H 0.000 

69 T A 0.002 

74 D H 0.067 

104 T R 0.042 

105 S N 0.000 

116 Y N 0.000 

154 M T 0.003 

157 V I 0.051 

194 R C 0.000 

214 V E 0.074 

216 R H 0.013 

217 Y deletion 0.001 

219 M V, G 0.0051 

a Relative to Ancestral GFP-like protein sequence 
b adapted from Field et al, 2009236; two-tailed Fisher’s exact test describing the 

association between an amino acid substitution and the observation of red fluorescence 

(citation). 
1 P-value corresponds to the M219G mutation. See text for details on the valine 

substitution. 
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Supplementary Fig C3 Distribution of inferred green and red fluorescence 

intensities in biological replicates 1 and 2. 
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Supplementary Section 2: Detailed barcode extraction methods 

After each sort-seq experiment, we prepared each sorted population for next 

generation sequencing (NovaSeq paired-end S1 300 cycle (biological replicates 1 and 2) 

and paired-end S4 300 cycle (biological replicate 3) as follows: 

5. Sorted cells resuspended in double deionized H2O were thawed and added to 

thermocycler tubes. All samples were then boiled at 95degC for 10 minutes. 

6. To control for potential PCR-based errors, we prepared barcode PCR 

amplification reactions in triplicate by adding 10 𝜇l of the boiled population for 

each sample to three new PCR tubes. 

7.  A Phusion polymerase (NEB catalog #: M0530S) mastermix was prepared 

containing the following components: 

Reaction component 

Volume (𝝁l) per 50 𝝁l 

reaction 

Double deionized H2O 23.5 

5X Phusion HF bufer 10 

10 mM dNTPs (NEB) 1 

10 𝝁M primerfwd 2.5 

10 𝝁M primerrev 2.5 

Boiled sample 10 

Phusion polymerase 0.5 

Total reaction volume (𝝁l) 50 
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The primerfwd and primerrev sequences were as follows: 

>primerfwd 

5’-CTAATAATCGTAGCCCGGGCAT-3’ 

>primerrev 

5’-AGGTCGACCCGGGGTACCG-3’ 

Primer oligos were obtained lyophilized from Eurofins MWG and resuspended to 

100 𝝁M with sterile double deionized H2O. These were then diluted to a working 

concentration of 10 𝝁M for PCR reactions. All primers were stored at -20degC. 

 40 𝝁l of the PCR master mix was added to each PCR tube and the 

amplification reaction was performed with the following parameters: 

Step # cycles Temperature (°C) Time 

Initial Denaturation 1 98 30 seconds 

Amplification 15 98 5 seconds 

  65 10 seconds 

  72 2 seconds 

Final Extension 1 72 5 minutes 

Hold - 12 ∞ 

 

 Each reaction yielded a 105 bp fragment containing the molecular barcode.  

8. Post amplification, triplicate samples were pooled and samples were purified 

using a 1.8X bead clean-up (Omega Bio-Tek MagBind TotalPure NGS beads, 

SKU #: M1378-01). All samples were confirmed to have between 300 to 1000 ng 

total DNA after the bead purification step. The entire purified amplification 
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reaction was diluted to 50 𝜇l in sterile double deionized H2O for the following 

adapter ligation steps. 

9. We prepared the end repair and A-tailing (ERAT) reaction according to the 

KAPA hyperprep kit manual. Briefly, we prepared a master mix of the following: 

Component Volume (𝝁l) per reaction 

ERAT buffer 7 

ERAT enzyme 3 

Total volume added per 

reaction 

10 𝜇l added to each 50 𝜇l 

sample 

 

Reactions were cycled as follows: 

Step Temperature (°C) Time 

ERAT-1 20 30 minutes 

ERAT-2 65 30 minutes 

HOLD 4 ∞ 

 

10. Next, we prepared the adapter ligation reactions according to the KAPA 

Hyperprep kit. Each sorted population got a unique TruSeq-like adapter so that 

we could identify the origin of each sample in the de-multiplexed sequencing 

data. Briefly, we prepared the ligation reaction as follows: 

Component Volume (𝝁l) per reaction 

ddH2O 5 

Ligation Buffer 30 

DNA ligase 10 
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TruSeq-like adapter 5 (added to each reaction) 

Total volume added per 

reaction: 

45 𝜇l added to each 60 𝜇l 

ERAT sample 

11. We incubated adapter ligation samples at 20degC overnight as we found that it

increased the efficiency of adapter ligation.

12. Samples were purified using a 1.2X bead cleanup. Some samples required an

additional bead cleanup step to remove residual adapter dimer.

Note: In our first sort-seq sequencing run (NovaSeq S1 300 cycle, biological 

replicates 1 and 2), we found that our PCR-free workflow led to extensive index 

hopping. For the third biological replicate of our sort-seq experiments, we added an 

additional PCR step. See the steps below for more details. 

13. We prepared the following PCR reactions using the KAPA Hyperprep kit

components:

14. 

Component Volume (𝝁l) 

2X KAPA HiFi HotStart Ready Mix 25 

10X KAPA Library Amplification Primer 

Mix  

5 

Adapter-ligated sample 20 

Total volume 50 

The reaction was briefly vortexed and centrifuged. We then amplified barcodes using the 

following cycling protocol: 
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Step Temperature (°C) Duration Cycles 

Initial Denaturation 98 45 seconds 1 

Denaturation 98 15 seconds 3 

Annealing 60 30 seconds  

Extension 72 30 seconds  

Final Extension 72 1 minute 1 

HOLD 4 ∞ - 

 

15. Each sample was purified using a 1X bead cleanup and eluted in elution buffer 

(10 mM Tris-HCl, pH 8.5, GeneJet kit). Some samples required an additional 

bead cleanup step.  

 

Adapter ligated samples were submitted to the University of Oregon Genomics and 

Cell Characterization Facility for sequencing.  
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Supplementary Fig C4 Gating strategy for sort-seq experiment biological replicate 

#1. A) Green fluorescence intensity is shown on the x-axis with counts shown on y-axis.  

Black lines delineate different gates in our gating strategy. B) Red fluorescence intensity 

is shown on the x-axis with counts shown on y-axis.  Black lines delineate different gates 

in our gating strategy. C) Blue fluorescence intensity is shown on the x-axis with counts 

shown on y-axis.  Black lines delineate different gates in our gating strategy. D) Blue, 

red, and green fluorescence intensities for the subpopulation circled in panel C. 
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Supplementary Fig C5 Gating strategy for sort-seq experiment biological replicate 

#2. A) Green fluorescence intensity is shown on the x-axis with counts shown on y-axis.  

Black lines delineate different gates in our gating strategy. B) Red fluorescence intensity 

is shown on the x-axis with counts shown on y-axis.  Black lines delineate different gates 

in our gating strategy. C) Blue fluorescence intensity is shown on the x-axis with counts 

shown on y-axis.  Black lines delineate different gates in our gating strategy. 



 160 

 

Supplementary Fig C6 Gating strategy for sort-seq experiment biological replicate 

#3. A) Green fluorescence intensity is shown on the x-axis with counts shown on y-axis.  

Black lines delineate different gates in our gating strategy. B) Red fluorescence intensity 

is shown on the x-axis with counts shown on y-axis.  Black lines delineate different gates 

in our gating strategy. B) Blue fluorescence intensity is shown on the x-axis with counts 

shown on y-axis.  Black lines delineate different gates in our gating strategy. 
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Supplementary Fig C7 Sort-seq data for high red/low green fluorescence clone 

lacking the Q62H mutation. The identity of each sort-seq bin is shown on the x-axis and 

the frequency of observations for the 110011111111112 genotype are show on the y-axis. 

Top panel is data for the first biological replicate. Bottom panel is data for the second 

biological replicate. 
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Supplementary Fig C8 Percent of genotypes that contain each mutation. The percent 

of pairs containing a mutation n (y-axis) as a function of mutation (x-axis). 
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Supplementary Fig C9 Effects of each mutation in the E26V background. Top: 

Effect on red fluorescence, Bottom: effect on green fluorescence. Grey = neutral, black = 

deleterious, green = beneficial green, salmon = beneficial red. 
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Supplementary Fig C10 Effects of each mutation in the A60V background. Top: 

Effect on red fluorescence, Bottom: effect on green fluorescence. Grey = neutral, black = 

deleterious, green = beneficial green, salmon = beneficial red. 
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Supplementary Fig C11 Effects of each mutation in the T69A background. Top: 

Effect on red fluorescence, Bottom: effect on green fluorescence. Grey = neutral, black = 

deleterious, green = beneficial green, salmon = beneficial red. 
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Supplementary Fig C12 Effects of each mutation in the D74H background. Top: 

Effect on red fluorescence, Bottom: effect on green fluorescence. Grey = neutral, black = 

deleterious, green = beneficial green, salmon = beneficial red. 
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Supplementary Fig C13 Effects of each mutation in the T104R background. Top: 

Effect on red fluorescence, Bottom: effect on green fluorescence. Grey = neutral, black = 

deleterious, green = beneficial green, salmon = beneficial red. 
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Supplementary Fig C14 Effects of each mutation in the S105N background. Top: 

Effect on red fluorescence, Bottom: effect on green fluorescence. Grey = neutral, black = 

deleterious, green = beneficial green, salmon = beneficial red. 
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Supplementary Fig C15 Effects of each mutation in the Y116N background. Top: 

Effect on red fluorescence, Bottom: effect on green fluorescence. Grey = neutral, black = 

deleterious, green = beneficial green, salmon = beneficial red. 
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Supplementary Fig C16 Effects of each mutation in the M154T background. Top: 

Effect on red fluorescence, Bottom: effect on green fluorescence. Grey = neutral, black = 

deleterious, green = beneficial green, salmon = beneficial red. 
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Supplementary Fig C17 Effects of each mutation in the V157I background. Top: 

Effect on red fluorescence, Bottom: effect on green fluorescence. Grey = neutral, black = 

deleterious, green = beneficial green, salmon = beneficial red. 
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Supplementary Fig C18 Effects of each mutation in the R194C background. Top: 

Effect on red fluorescence, Bottom: effect on green fluorescence. Grey = neutral, black = 

deleterious, green = beneficial green, salmon = beneficial red. 
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Supplementary Fig C19 Effects of each mutation in the V214E background. Top: 

Effect on red fluorescence, Bottom: effect on green fluorescence. Grey = neutral, black = 

deleterious, green = beneficial green, salmon = beneficial red. 
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Supplementary Fig C20 Effects of each mutation in the R216H background. Top: 

Effect on red fluorescence, Bottom: effect on green fluorescence. Grey = neutral, black = 

deleterious, green = beneficial green, salmon = beneficial red. 
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Supplementary Fig C21 Effects of each mutation in the Y217Del background. Top: 

Effect on red fluorescence, Bottom: effect on green fluorescence. Grey = neutral, black = 

deleterious, green = beneficial green, salmon = beneficial red. 
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Supplementary Fig C22 Effects of each mutation in the M219 background. Top: 

Effect on red fluorescence, Bottom: effect on green fluorescence. Grey = neutral, black = 

deleterious, green = beneficial green, salmon = beneficial red. 
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Supplementary Fig C23 Distributions of Z-scores for pairwise epistasis in red 

fluorescence for all substitutions. Zepi scores for red fluorescence is shown on the x-axis 

and counts are shown on the y-axis. Each plot is a different genotype, which is indicated 

at the top center of each plot. 
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Supplementary Fig C24 Distributions of Z-scores for pairwise epistasis in green 

fluorescence for all substitutions. Zepi scores for green fluorescence is shown on the x-

axis and counts are shown on the y-axis. Each plot is a different genotype, which is 

indicated at the top center of each plot. 
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