
 
 

 

 

Engineering antimicrobial peptides and enzymes: Realizing opportunities to combat 

antibiotic resistance through high-throughput, data-driven design and testing 

 

 

 

A DISSERTATION 

SUBMITTED TO THE FACULTY OF THE 

UNIVERSITY OF MINNESOTA 

BY 

 

 

 

Seth Christopher Ritter 

 

 

 

IN PARTIAL FULFILLMENT OF THE REQUIREMENTS FOR THE DEGREE OF 

DOCTOR OF PHILOSOPHY 

 

 

 

Benjamin J. Hackel 

 

 

 

October 2019 

  



 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

©Seth Christopher Ritter 2019



i 
 

Acknowledgements 

The work presented herein would not have been possible without the challenge, 

encouragement, and guidance of my mentors, friends, and family. I am eternally grateful 

for the innumerable people’s lives with which mine has had the pleasure of crossing, for 

however long or brief. The composition of this manuscript, and of myself, has been molded 

by the gifts of so many. 

I must first thank those that came first, my family. To my first friend, Katie, being 

your older brother has been, and continues to be, one of the greatest parts of my life. To 

my parents, your sacrifices and dedication to my endeavors are what enabled me to 

accomplish this. And to my ever-expanding family, to Harmony, Natalie, James, and Ryan, 

and to my nieces and nephews, and to those you’ve brought together, thank you for being 

a part of my life. And lastly to my partner, Josh, you have taught me so much, and helped 

me become the person that I am today. 

I must thank my friends. Too numerous to contain within these pages, I have had 

the fortune of being surrounded by friends of all types. During the composition of this 

thesis, I thank the past and present members of the Hackel and Kaznessis groups, it has 

been a pleasure to work alongside so many talented people. Of particular note, Sadie and 

Brittany, you have been and continue to be some of my closest friends. 

I must thank my mentor, Dr. Benjamin Hackel. You are a leader unique in my life, 

presenting an ideal of not only knowledge and logic, but also of compassion and 

encouragement. Being your student has enhanced me both professionally and personally. 

Thank you for all the discussions, they were some of the best I’ve ever had.  



ii 
 

Lastly, I must thank my committee. Drs. Wei-Shou Hu, Samira Azarin, and Will 

Pomerantz. You have each played important roles throughout my education, in courses, 

teaching-assistantships, and beyond.  



iii 
 

Dedication 

 

“If I have seen further it is by standing on the shoulders of Giants” 

- Sir Isaac Newton 

 

Proudly dedicated to Mom and Dad, my giants, who lifted me up so high that all I could 

see were clouds below and the stars above.  



iv 
 

Abstract 

The increase in occurrence of antibiotic resistant infections around the world as a 

result of overuse of broad-spectrum antibiotics in both agriculture and healthcare poses a 

significant threat to human health and societal productivity. When most antibiotics were 

discovered in the mid 20th century, biotechnology as a rigorous science was still far-off. 

Today, advances across a wide range of disciplines is finally permitting the detailed 

description and, more importantly, alteration of biological systems. Enabled by this rapidly 

progressing domain exist alternatives to traditional broad-spectrum antibiotics; of interest 

here are antimicrobial proteins, which are ribosomally synthesized. Being encoded for in 

DNA permits the sequences of these proteins to be mutagenized and their sequence-

function landscapes rapidly explored. Such exploration was utilized herein to optimize 

specificity, activity, and stability of three antimicrobial proteins. During this exploration 

computational and experimental methods permitting high-throughput characterization 

were developed and applied. 

First, a small-lasso antimicrobial protein, microcin J25, was engineered for 

improved specificity towards pathogenic Salmonella in contrast to commensal Escherichia 

coli, which were isolated from human patients. To accomplish this a plasmid containing a 

synthetic gene cluster encoding for the precursor peptide of microcin J25, under inducible 

expression, with three enzymes necessary for maturation and secretion was modified to 

facilitate mutation of the precursor of microcin J25. A collection of 207 point-mutants 

across 12 positions was evaluated for activity against a panel of pathogenic Salmonella 

and E. coli serotypes. Point-mutants demonstrating retention of activity and improvements 

in specificity were then integrated and screened as a combinatorial library. Multi-mutants 
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demonstrated significant reduction in efficacy, with only 3.5% of sequences in the library 

having detectable activity against Salmonella enterica serovar Enteritidis. At the project’s 

conclusion, a point mutant was identified which retained a high level of activity against the 

target Salmonella species, while reducing the off-target activity towards human 

commensal E. coli by an average of 81%. 

Second, a large multi-domain antimicrobial protein which binds to and degrades 

the cell wall of pathogenic Clostridium perfringens, LysCP2, was validated and stabilized. 

Owing to its origin, thousands of homologous protein sequences, with structure and 

function similar to LysCP2, were readily identifiable from genomic databases. We 

hypothesized that this wealth of homologous information could be utilized to guide the 

design of combinatorial libraries of LysCP2 to improve its poor stability. Using 

coevolutionary models, which incorporate pairwise and sitewise information from the 

homologous sequences, a collection of ten multi-position libraries were designed and 

generated at different positions of LysCP2. From these libraries, nearly 10,000 variants of 

LysCP2 were experimentally assayed for stability.  These data revealed that the fraction 

of stable variants for 8 out of 10 designed libraries was greater than fully-random libraries 

at the same positions in the protein. In addition, post-facto analysis incorporating a 

structural homology model of LysCP2 implied that structural features, such as contact 

number and secondary structure, may be reasonable filters to use for a priori selection of 

residues for which the predictions of the coevolutionary model are most accurate. Finally, 

due to the high functionality of the designed libraries, the experimental data was used 

directly to inform the generation of a five designs of LysCP2, with between five and six 

mutations, of which: all retained enzymatic activity; four demonstrated an increase in 

melting temperature; three demonstrated increased retention of activity after thermal 
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shock. Of the designs, the highest performing improved the melting temperature of 

LysCP2 from approximately 38 C to 42 C. 

Third, similar to LysCP2, another cell-wall-degrading enzyme with rich 

homologous sequence information was optimized for both activity and stability. This 

enzyme, LysEFm5, has activity against pathogenic and vancomycin-resistant 

Enterococcus faecium. Again, using coevolutionary models informed from homologous 

sequences, a collection of combinatorial libraries was generated focusing mutagenesis on 

sites supporting residues directly involved in interacting with the cell wall. These models 

were predictive of activity retention across 873 experimentally tested variants (AUC = 

0.840 – 0.894). In addition, the accuracy of these models was assessed when 

systematically varying the type and amount of sequence information utilized, supporting 

the utility of using pairwise features and providing guidelines for the value of different types 

of sequences. Lastly, further exploration of random members of these libraries revealed 

an enhanced clone with 2x higher specific activity in addition to an 11 °C increase in 

melting temperature in comparison with wild-type LysEFm5. 

This work provides evidence and methods which support the application of protein 

engineering to the optimization of antimicrobial proteins to improve their utility as next-

generation antimicrobials. 
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Chapter 1 Introduction 

1.1 Discovery of and resistance to traditional broad-spectrum antibiotics 

As a consequence of competing for limited resources many organisms have 

evolved pathways for the production and secretion of compounds which inhibit the growth 

of competing organisms. Within this classification, traditional antibiotics are small-

molecule compounds evolved to inhibit the growth of bacteria. The most famous example 

of an antibiotic, penicillin, was discovered by Alexander Fleming in 1928 largely by 

accident. As the story goes, he observed the formation of a zone of growth inhibition 

surrounding a fungal colony on a plate which he had seeded with bacteria. Subsequent 

fermentation and purification of the growth liquid of this fungus, the supernatant, would 

reveal penicillin.1 

Interestingly, the vast majority of antibiotics that have been discovered were found 

using a streamlined version of this crude methodology.2,3 That is, a producing species, 

often soil-derived streptomycetes, were screened by plating with target organisms and the 

emergence of a zone of growth inhibition of the target was monitored for. Though crude, 

this method was for a time effective, and the pharmaceutical industry relied heavily on it 

from the 1940s-1960s to discover most antibiotic classes which are approved for clinical 

use today. This pattern of discovery is summarized in Figure 1.1. 
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Figure 1.1. Discovery and resistance to antibiotic classes. (Top) The density of discovery 
of different classes of antibiotics. (Bottom) Major classes of antibiotics with their discovery 
dates and first record of clinical resistance indicated as the left and right side of the bars, 
respectively. Data adapted from 3. 

Accompanying the rapid discovery of antibiotics was also the characterization of 

resistance to those antibiotics as it emerged in the clinic. Bacteria have adopted many 

different mechanisms to survive the application of antibiotics. These mechanisms can be 

categorized into three groups4: (1) decreasing intracellular concentration of antibiotic; (2) 

modifying the target of the antibiotic; (3) inactivating the antibiotic. In 2014, antibiotic 

resistant infections accounted for approximately 700,000 deaths annually and are 

estimated to grow to 10 million deaths per year by 20505. 
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Critical to the success of current and future antibiotics, it is necessary to discuss 

the rate with which different modes of antibiotic resistances emerge. Some mechanisms, 

such as mutations to a target protein which occur randomly, can cause resistance to an 

antibiotic to be rapidly developed within a target bacterial population. These mutations can 

occur directly within the target protein as has been observed in the context of streptomycin 

resistance which can be due to mutations in ribosomal protein S126. Mutations can also 

occur within transcription factors altering the expression of proteins critical in the uptake 

of the antibiotic. It has also been observed that in instances where a significant fitness hit 

isn’t taken, often due to redundant pathways, downregulation of transport proteins can 

result in insufficient antibiotic uptake into target bacteria, as has been observed for 

imipenem targeting Enterobacter aerogenes7, and with many other Enterobacteriaceae 

targeted by carbapenems8. Indeed in laboratory settings this mutagenesis and 

downregulation can be observed over single days.9 In contrast, antibiotics which target 

downstream metabolic products, such as vancomycin binding to and preventing cross-

linking of bacterial cell-walls, require significantly more machinery for resistance10. In the 

case of vancomycin, stable resistance is conferred by the expression of a three-enzyme 

gene cluster which modifies the cell-wall stem peptide preventing the binding of 

vancomycin. This resistance was not observed in the clinic for more than 30 years, but 

today is spreading rapidly between bacteria via horizontal gene transfer11. Critically, it is 

not sufficient that a resistant mutation or gene acquisition be possible, but also that the 

alteration doesn’t impose a fitness cost so significant that the bacterium cannot compete 

in the local environment.12 

There have been recent advances which may offer a renewed interest in these 

brute force methods. All variations of these methods attempt to address the issue that 
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most microorganisms in the environment cannot be cultured under laboratory 

conditions13,14. Further, many of the pathways responsible for antibiotic production are not 

active under culture conditions used. To address the first shortcoming single cells from an 

environment can be isolated and grown within chambers possessing semipermeable 

barriers permitting the isolated growth of cells in situ. These isolation chip, or iCHIP, 

growth techniques increase the number of culturable soil microbes from approximately 1% 

to nearly 50%. This method was successfully used to discover a novel antibiotic 

compound15,16. Addressing the latter shortcoming, metagenomic sequencing, where the 

collection of all DNA within an environment is sequenced and computationally assembled 

into larger sections, is actively being applied to discover possible gene clusters encoding 

for antibiotic compounds17. This latter approach affords the possibility of reducing the 

occurrence of repeated discovery of the same antibiotics while offering the possibility of 

focusing study on those pathways whose compounds are predicted to have efficacy 

towards target bacteria of interest. 

Though these innovations will offer reprieve, they are still limited to the pool of 

naturally occurring antibiotics. Though antibiotics can be chemically modified to alter 

pharmacokinetic properties, efficacy, and specificity, these changes often offer only minor 

optimization at extremely low throughput. 

1.2 Properties of next-generation antimicrobials desired 

As alluded to in the previous section, it is desirable to explore methodologies 

permitting the transition from the discovery of antibiotics and more broadly antimicrobials 

to their development instead. This transition is desirable for several reasons. 
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First, the design space for most traditional broad-spectrum antibiotics is oftentimes 

confined to a narrow chemical space surrounding the original antibiotic. By logical 

extension, it would be anticipated that this design space would contain few modifications 

to optimize the antibiotic. This limited optimization potential diminishes efforts not only to 

enhance efficacy or specificity, but also reduces the opportunities for reducing side effects 

that accompany administration. For example fluoroquinolones can trigger headaches, 

dizziness, as well as seizures.18 It is desirable, therefore, that a next-generation 

antimicrobial platform permit a design space with sufficient breadth that multiple properties 

can be optimized for. 

Second, however exhaustive, mining the naturally occurring antimicrobials 

represent a fixed source of molecules. Though better practices can reduce the onset and 

spread of antibiotic resistance19, it cannot be reduced to zero. As a result, naturally 

occurring antibiotics, or more importantly the subset with appropriate pharmacokinetic 

properties for clinical application, will gradually be overcome by antibiotic resistance. 

Indeed, the present scenario of antibiotic resistance is an example of this. It is desirable, 

therefore, that a next-generation antimicrobial platform permit expedited discovery and 

optimization so that resistance can be overcome as it emerges.   

Third, there is growing evidence that modifying the composition of different 

microflora in humans, for example in the gastrointestinal tract, can affect many different 

aspects of human health. These effects can include blood-glucose response to food20, the 

effectiveness of cancer therapy21, and inflammation of the brain22. Modifications to flora 

composition can also lead to secondary infection, as is the case with Clostridium difficile 

which kills an estimated at 29,000 annually in the United States in 2011.23 It is desirable 
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therefore, that the candidate next-generation antimicrobial platform present new 

opportunities for improved specificity. 

1.3 Ribosomally synthesized antimicrobial proteins 

A candidate platform which presents opportunities as a next-generation 

antimicrobial are antimicrobial proteins (AMPs). Narrowing one’s view in the domain of 

AMPs to those which are ribosomally synthesized affords other critical advantages. The 

most important of these advantages is that because these AMPs are ribosomally 

synthesized the instructions, or sequence, for their generation is directly encoded for by 

DNA. This attribute permits the rapid application of molecular biology enabling expedited 

design iteration through tailored gene synthesis and mutagenesis. In addition to changing 

the sequence of the AMP itself, being ribosomally synthesized also permits, under 

appropriate conditions, the sequence of the AMP to be extended to generation of fusion 

proteins. These fusions can add mechanisms for detection and isolation to the AMP which 

were not present naturally. Critical for some of the studies presented herein, detection 

mechanisms permit the translation of a molecular process, such as protein unfolding, to a 

readily measurable signal such as fluorescence. As will be explored, appropriate 

application of this methodology permits the efficient analysis of tens of thousands of 

proteins in single experiments, with the capacity to scale to millions. 

Within the smaller scales, some AMPs are the result of a precursor peptide 

undergoing multiple processing steps from accompanying enzymes. For example, the 

lasso peptides constrain their geometries by generating one or more loops of residues 

and threading chains through them such that they become sterically locked24. These 

peptides are extremely resistant to thermal, chemical, and proteolytic degradation. 



7 
 

Characterized lasso AMPs have been found to bind to and inhibit a number of bacterial 

enzymes, including RNA polymerase25, and prolyl endopeptidase26. A recent genomic 

analysis has identified approximately 1300 different gene clusters potentially able to 

generate lasso peptides27. 

Increasing size substantially, one can find the multi-domain endolysins. These 

enzymes bind to and degrade the cell wall of target bacteria28. Endolysins originate from 

the bacteriophage lytic cycle and are released through holes in the cell membrane formed 

from holin proteins. Upon release, these enzymes degrade the cell wall of the infected 

cell, eventually causing cell lysis and release of bacteriophage progeny. As a secondary 

consequence of their bacteriophage origin, sequences of putative endolysins have been 

readily identified in prophage domains of bacterial genomes29, or from metagenomic 

studies of uncultured bacteriophage in the environment30. Beyond endolysins, the catalytic 

domains are present in endogenous proteins involved in bacterial cell wall construction, 

remodeling, and recycling.31 Collectively these sources present tens of thousands of 

candidate molecules to learn from and explore. 

1.4 Searching and optimizing in protein sequence space 

To realize the potential of AMPs as an antimicrobial development platform, it is 

necessary to continue to mature the broader field of protein engineering. Upon initial 

characterization, it would seem that protein space is too vast for efficient exploration. 

Indeed, if there were no structure to the mapping between protein sequence and function 

this observation would largely be correct. Protein space scales exponentially with the 

length of the protein’s primary sequence (L), which for proteins using the naturally 

occurring amino acids is 20L. Within this space a protein of modest size, say length 70, 
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would have more sequence possibilities than there are protons in the observable universe. 

Even if one begins protein design from a known starting point, for example to enhance the 

specificity of an AMP, the collection of variants to be tested can quickly outstrip 

comprehensive evaluation. 

The first important observation, however, made in principle several hundred years 

ago by Charles Darwin, is that gradual changes can mature different features of biological 

systems32. Indeed, randomly mutating a protein in the laboratory and selecting for 

improvements to its physical properties was the basis for a portion of the Nobel Prize in 

Chemistry in 2018. This process of mutation and screening in the laboratory is termed 

broadly as directed evolution. This process demonstrates that there exists a degree of 

connectedness in protein sequence space, which can be explored to mature protein 

properties33. Going further than naïve exploration, it has been demonstrated for a number 

of proteins that the sequence space can be described with a parameter space significantly 

smaller than all possible proteins within the explored domain.34–39 Critically, these 

sequence and function models are generated using experimental data pertaining to the 

desired or a closely related physical properties of the studied proteins. 

Accurately inferring the mapping between sequence and function a priori is one of 

the central goals of protein engineering today. Broadly, these efforts can be categorized 

into several domains. Bottom-up approaches, such as molecular dynamics simulations40, 

FoldX41, and Rosetta42, employ empirical and knowledge-based energy potentials in 

conjunction with sampling techniques in order to study the emergence of physical 

properties, such as stability43, directly from the movement of atoms comprising the protein 

of interest. In contrast, top-down approaches aim to transfer the experimentally inferred 

models of studied proteins to those beyond the study. Examples of approaches which 
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have found success incorporating sequence and structural properties include the 

prediction of: aggregation propensity44,45; stability changes upon mutation46–49; solubility50; 

immunogenicity51. 

Indeed, the future of protein engineering will likely employ a combination of 

increasingly performant protein library design using a priori information, followed by 

increasingly performant high-throughput protein characterization and subsequent 

modelling. This is because as our capacity to predict the properties of protein designs at 

increasing mutational distances from known functional sequences grows, it permits the 

subsequent computational exploration of significantly larger sequence space once 

experimental data has been gathered. As a hypothetical example, if sufficiently descriptive 

a priori models informed the design of a combinatorial mutagenic library wherein 20 

positions were mutated to any of 5 amino acids simultaneously, only about 5x104 proteins 

would need to be studied to provide a description of approximately 1014 possible 

sequences, using a maximum entropy model which incorporates pairwise interactions 

between each of the different residues at each of the different positions52. 

 

Historically, engineering of AMPs has focused on the characterization of a small 

number of rationally chosen mutants of promising wild-type candidates. Though this 

approach has been fruitful in limited contexts, it is often amenable only to limited library 

sizes and modification. As presented in this work the application of systems biology, yeast 

surface display, high-throughput screening, and next-generation sequencing, both 

translate and advance protein engineering to the context of AMP engineering. The 

methods and results presented herein are both immediately applicable and provide 

guidance for further advancement. Work such as what is presented has, with increasing 
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probability, the opportunity to transform antimicrobials from discovery to development, 

permitting the efficient optimization of physical properties most relevant to real-world 

application. 
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Chapter 2 Multi-species activity screening of microcin J25 mutants 

yields antimicrobials with increased specificity towards pathogenic 

Salmonella species relative to human commensal Escherichia coli 

 

Adapted from “Ritter, S.C., Yang, M.L., Kaznessis, Y.N., Hackel B.J., ‘Multispecies 

activity screening of microcin J25 mutants yields antimicrobials with increased specificity 

toward pathogenic Salmonella species relative to human commensal Escherichia coli.’ 

Biotechnology and Bioengineering 2018, 115: 2394– 2404. 

Permission to reuse all figures and text contained in this chapter has been granted by 

John Wiley and Sons. 

2.1 Synopsis 

Modern large-scale agricultural practices that incorporate high density farming with 

sub-therapeutic antibiotic dosing are considered a major contributor to the rise of antibiotic 

resistant bacterial infections of humans with species of Salmonella being a leading 

agriculture-based bacterial infection. Microcin J25, a potent and highly stable antimicrobial 

protein active against Enterobacteriaceae is a candidate antimicrobial against multiple 

Salmonella species. Emerging evidence supports the hypothesis that the composition of 

the microbiota of the gastrointestinal tract prevents a variety of diseases by preventing 

infectious agents from proliferating. Reducing clearance of off-target bacteria may 

decrease susceptibility to secondary infection. Of the Enterobacteriaceae susceptible to 

microcin J25, Escherichia coli are the most abundant within the human gut.  To explore 

the modulation of specificity, a collection of 207 mutants encompassing 12 positions in 
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both the ring and loop of microcin J25 was built and tested for activity against Salmonella 

and Escherichia coli strains. As has been found previously, mutational tolerance of ring 

residues was lower than loop residues, with 22% and 51% of mutations, respectively, 

retaining activity towards at least one target within the target organism test panel. The 

multi-target screening elucidated increased mutational tolerance at position G2, G3, and 

G14 than previously identified in panels composed of single targets. Multiple mutations 

conferred differential response between the different targets. Examination of specificity 

differences between mutants found that 30% showed significant improvements to 

specificity towards any of the targets. Generation and testing of a combinatorial library 

designed from the point-mutant study revealed that microcin J25I13T reduces off-target 

activity towards commensal human-derived E. coli isolates by 81% relative to Salmonella 

enterica serovar Enteritidis. These in vitro specificity improvements are likely to improve 

in vivo treatment efficacy by reducing clearance of commensal bacteria in the 

gastrointestinal tract of hosts. 

2.2 Introduction 

It is estimated that every year two million people in the United States suffer from 

antibiotic resistant infections, with at least 23,000 resulting in death53. Overuse and 

decreased development of antibiotics in multiple economic sectors in both developed and 

emerging countries is projected to result in increased numbers of infections and deaths 

over time5. One of the largest avenues of infection by antibiotic resistant bacteria is from 

agricultural products54. In the United States a leading foodborne infectious agent is 

Salmonella55. Due to both concerns over development and spread of antibiotic resistance 

amongst bacterial communities as well as the decreased antibiotic discovery rate across 
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the pharmaceutical industry3, there is growing desire for so-called next generation 

antimicrobials56. Among other features, these agents are designed to have improved 

efficacy and specificity towards target organisms. Improved specificity is important for at 

least the following two reasons: first, for reducing selective pressure on broader bacterial 

communities to develop mechanisms of resistance, which can be spread by horizontal 

gene transfer57; second for reducing clearance, or modification of the composition, of 

microbiota within bacterial communities such as in the gastrointestinal tract. These 

microfloral environments provide protection against primary and opportunistic infection 

and are a contributor to a wide variety of factors of human health58. 

One potential development platform is the use of antimicrobial proteins (AMPs), 

either as free proteins59,  or secreted via engineered probiotics at the site of infection60–64. 

Microcin J25 (MccJ25) is one such AMP with high activity against multiple species of 

Salmonella and other enterobacteriaceae such as Escherichia coli24,65–70. Mature MccJ25 

is a 21 amino acid lasso protoknot with high thermal, chemical, and proteolytic stability71. 

Its complete maturation and export require the co-expression of two cytoplasmic enzymes 

and an export protein (Figure 2.1.A, proteins B, C, D)72. Its primary mode of action is the 

inhibition of RNA polymerase via competitive binding to the secondary channel25,73. 
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Figure 2.1. MccJ25 maturation, export, and activity (A) MccJ25 is the product of a 4-gene 
cluster composed of A, a 58 amino-acid precursor, B, an ATP-dependent cysteine 
protease, C, an amidotransferase, and D, an ATP-binding cassette transporter. Following 
export from a producing bacterium, mature MccJ25 is uptaken through homologs of the 
iron-siderophore receptor FhuA in a TonB-system mediated transport process. Once 
intracellular, MccJ25 exerts its more common mode of action, binding to the secondary 
channel of RNA polymerase thus inhibiting transcription. (B, PDB: 4CU4) Uptake through 
the FhuA receptor (blue) involves the specific interaction of MccJ25 (orange). (C) Wild-
type MccJ25 shows strong activity against pathogenic Salmonella strains (grey) as well 
as non-pathogenic commensal E. coli (white) isolated from human patients. 
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Variants of MccJ25 have previously been studied in order to address questions 

about the flexibility of the maturation machinery, the export mechanism, as well as 

improved activity74–76. As it relates to this work Pavlova et al. previously evaluated nearly 

the complete set of single mutants of MccJ25 for production, E. coli RNA polymerase 

inhibition, as well as growth inhibition of E. coli strain DH5α. However, with the exception 

of one multi-target comparison for a single mutant (MccJ25T15G) the study exclusively 

focused on a single target organism. Their work revealed that only 45% of MccJ25 point-

mutants, which could be produced, exported, and inhibit RNA polymerase in vitro, retained 

antimicrobial activity. This discrepancy is due to the import process of MccJ25, whose fine 

details are not yet fully understood68,69. Differences among proteins involved in the import 

of MccJ25 from different bacterial targets could potentially enable the specificity of MccJ25 

to be modulated. The lack of a detailed biophysical description of MccJ25’s interaction 

with import machinery necessitates high-throughput activity assays to develop MccJ25 

variants with improved target specificity. This modulation is critical, as E. coli isolates from 

humans show high susceptibility to MccJ25 (Figure 2.1.C). 

Though there has been considerable effort to study AMP mutants for improved 

activity77–85 there are few examples of studies focusing on the modulation of AMP 

specificity86,87. To our knowledge an evaluation of specificity modulation of MccJ25 has 

not been undertaken and herein we present specificity differences between single-mutant 

variants of MccJ25 between a collection of Salmonella and E. coli targets (Table 3). We 

also explore the ability of a combinatorial library incorporating the most promising mutants 

to generate functional variants of MccJ25. 
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2.3 Materials and Methods 

2.3.1 Bacterial culture and strains 

All bacterial growth was performed in either liquid or solid (1% agar) lysogeny broth 

(LB) with or without supplements. For propagation and maintenance of NEB Iq cells 

transformed with pJP4 and derivatives, 100 μg/mL ampicillin were used. For induction of 

MccJ25 variant production, in liquid or solid, isopropyl β-D-1-thiogalactopyranoside (IPTG) 

was added to final concentration of 0.5 mM. For a complete list of plasmids, Escherichia 

coli production strains, as well as bacterial indicator strains including human commensal 

E. coli isolates (generously provided by University of Minnesota students and Veterans 

Affairs Hospital patients and/or their families via Dr. Johnson of the VA Medical Center of 

Minneapolis), pathogenic E. coli, and Salmonella see Table 3. 

2.3.2 Generation of pJP4 for MccJ25 variant expression 

Plasmid containing MccJ25 and maturation operon (pJP3), provided by the Link 

lab from Princeton88, was digested with XhoI and HindIII (New England Biolabs). Modified 

MccJ25 insert (Table 4) containing the sequence to move XhoI downstream as well as an 

optimized ribosomal binding site89 were Gibson assembled (HiFi Assembly Kit, New 

England Biolabs) with digested plasmid to generate pJP4. This was done to both reduce 

the size of library inserts used by 30%, as well as remove high redundancy present in the 

promoter region, simplifying library assembly. This plasmid possesses the T5 promoter 

under regulation with LacO/LacI to enable inducible production of MccJ25. 

2.3.3 Generation of single-site saturation mutagenic libraries of MccJ25 

For single-site saturation mutagenesis, oligonucleotides (Table 4) with NNK 

degeneracy (all amino acids + stop) at positions 2-7 and 9-14 (each site independently 
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randomized on an independent oligonucleotide) were synthesized and assembled via 

polymerase chain reaction (PCR, all PCRs conducted with NEB Q5 Polymerase) with 

additional oligonucleotides to construct MccJ25 variant inserts. Inserts and pJP4 were 

digested with XhoI and HindIII, and subsequently ligated together with T4 DNA ligase 

(New England Biolabs) overnight at 16°C. Subsequently, each of the 12 ligations was 

transformed separately into NEB Express Iq and plated on LB with ampicillin. Once grown, 

random colonies from each transformation were inoculated into 100 μL LB with ampicillin 

in 12 sterile 96-well plates and grown overnight. Once grown, 5 µL from each well on each 

plate were added to a new sterile 96-well plate and mixed to preserve well locations in the 

final mixed plate. Whole-cell PCR was then conducted to amplify each well separately with 

unique 4-base pair row and column indices adjacent to the coding region of mature 

MccJ25. PCR products were then mixed, purified (Qiagen spin column), and amplified 

with a subsequent PCR to append appropriate adapters for Illumina Sequencing. 

Illumina MiSeq sequencing (1/8th lane) generated 1.3 million reads. Sequences 

lacking full-length MccJ25 with indices with E>33 at all positions were discarded. Unique 

sequences with >100 reads were isolated and analyzed by a custom MATLAB script. The 

identity of each mutant within the 96-well plates was processed excluding out-of-library 

mutants as well as wells with multiple entries identified. For each amino acid mutant, the 

optimal codon sampled was selected based on that codon’s usage in E. coli 90. 

2.3.4 Generation of multi-site saturation mutagenesis libraries of MccJ25 

Oligonucleotides (Table 4) were synthesized with the introduction of degenerate 

codons at positions 2, 3, 6, 11, 13, and 14. Degenerate codons were selected that included 

the desired set of mutant amino acids as well as wild-type. Oligonucleotides were 
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assembled via PCR, restriction digested with XhoI and HindIII, ligated into linearized pJP4 

as described above and transformed into NEB Express Iq cells. Random colonies were 

selected from transformation plates and used directly for screening as described in the 

following section. 

After screening, active clones from the multi-mutant library were indexed in a 96-

well plate format using the same indexing primers described previously. To sequence all 

variants screened, screened plates were scraped for bacteria and plasmid DNA was 

purified. Plasmid DNA recovered was used for amplification in the same aforementioned 

indexed primer set. Illumina MiSeq sequencing (1/8th lane) was then used to determine 

sequence identities for active variants as well as the total pool of variants screened. 

2.3.5 Agar-diffusion assay to measure growth inhibition of MccJ25 and variants 

For single-mutant evaluation selected MccJ25 variants were inoculated from fresh 

colonies into 100 μL of LB in 96 well sterile polystyrene plates and incubated overnight 

shaking at 250 rpm at 37°C. Separately, pathogens to be evaluated were inoculated into 

3 mL of LB and grown overnight at 250 rpm at 37°C. The following day, optical densities 

were determined, and wells were diluted to a final OD600 value of 1.0 (pathlength 

corrected to 1.0 cm). In addition, plates containing pathogenic target were prepared. This 

was done by first spreading 50 mL of LB agar supplemented with IPTG. Once solidified, 

25 mL of LB agar (cooled to 42°C) supplemented with IPTG as well as 1000x dilution of 

pathogenic target grown overnight was spread as a thin layer on the plate. Once solidified, 

2 μL of cell suspension was then deposited on target pathogen plates using a multi-

channel pipette, allowed to dry, and placed at 37°C for overnight growth. After growth, the 
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zone of inhibition was measured using a custom MATLAB script (see Figure 2.6 for 

example output). 

For initial multi-mutant library panning, plates containing Salmonella enterica 

serovar Enteritidis were prepared as described above. Fresh, randomly selected colonies 

from the multi-mutant library were transferred onto the pathogen plate and grown 

overnight at 37°C. Following growth, colonies with any sized zone of growth inhibition 

surrounding them were classified as active. 

For evaluation of active candidates from the multi-mutant screen, fresh colonies of 

mutants were inoculated into 1 mL of LB supplemented with IPTG in sterile deep 96-well 

plates and grown at 250 rpm at 37°C for 20 hours. Following this, cells were pelleted at 

1000g for 15 minutes. The top 0.5 mL were removed from each well and stored in 1.5 mL 

sterilized microcentrifuge tubes (supernatant). Supernatant was then sterilized by heating 

to 98°C for 15 minutes. Plates containing Salmonella targets as well as the subset of 

commensal E. coli susceptible to MccJ25 were prepared as described above. 5 μL of 

sterilized supernatant of each variant were then applied using a multi-channel pipette. 

Once supernatants had dried, plates were grown overnight at 37°C. 

For determination of activity of wild-type MccJ25 and MccJ25I13T against 

Salmonella and commensal E. coli, supernatants from producers as prepared before were 

diluted with spent LB (prepared the same as supernatants described above but with a 

non-expressing producer cell line). 5 μL of dilutions were plated on Salmonella as well as 

commensal E. coli plates as described above, allowed to dry, and grown overnight at 

37°C. Minimum inhibitory concentration was determined as a linear fit of the dilution 

number to diameter of zone of inhibited target growth. 
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2.3.6 Proteolytic stability assay 

Supernatants of MccJ25 and variants, whose production was described 

previously, were incubated at 60°C for 10 minutes as a 1:1 mixture with phosphate 

buffered saline (PBS) and varying concentrations of proteinase K (New Englad Biolabs). 

The samples were then heated to 98°C for 20 minutes to inactive proteinase K. Residual 

activity of treated supernatants was then determined as described previously using 

indicator strain Salmonella enterica serovar Enteritidis. 

2.3.7 Acid stability assay 

Supernatants of MccJ25 and variants, whose production was described 

previously, had pH adjusted to 1.5 using 1 M HCl and were incubated at 37°C for 30 

minutes. Following incubation pH was normalized to 7.0 using 1 M NaOH. Residual activity 

of treated supernatants was then determined as described previously using indicator strain 

Salmonella enterica serovar Enteritidis. 

 

2.3.8 Bactericidal/bacteriostatic assay 

Supernatants of MccJ25 and variants, whose production was described 

previously, were applied to indicator strains, in exponential phase growth at 106 colony 

forming units (cfu)/mL in LB, to a final volume fraction of 20% MccJ25 supernatant. 

Indicator strains were incubated for one hour at 37°C. Following incubation, cell 

suspensions were dilution-plated to determine cfu after treatment. 
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2.3.9 MccJ25 purification 

Following 88, supernatants of MccJ25 and variants, whose production was 

described previously, were vigorously mixed with two volumes of n-butanol. The n-butanol 

phase was removed and dried under vacuum; dried solute was then resuspended in 200 

µL of ultrapure (MilliQ) water. Samples were then analyzed by reverse-phase high-

performance liquid chromatography (RP-HPLC) with a XBridge Peptide BEH C18 300 Å 

column with a 10-90% gradient of acetonitrile in water and 0.1% trifluoroacetic acid. All 

peaks were isolated and evaluated for activity against indicator Salmonella strain. Active 

peaks were freeze-dried under vacuum, resuspended in ultrapure water and analyzed for 

identity via matrix-assisted laser desorption/ionization time-of-flight mass spectrometry 

using an AB Sciex TOF/TOF 5800. Active peaks were re-assessed for activity in ultrapure 

water against indicator Salmonella strain. 

2.3.10 Normalized activity analysis 

Throughout this text, normalized activity (Ni,j) for a particular mutant (j) on a 

particular target organism (i) refers to the normalization of activity data to the activity data 

of wild-type MccJ25. In the case of the agar-plate assay presented, these wild-type data 

come from the same plate; thus, this is referred to as intra-plate normalization. 

2.3.11 Specific normalized activity analysis 

Throughout this text, specific normalized activity refers to the ratio of normalized 

activity between some organism and the global reference organism (i.e. Salmonella 

enterica serovar Enteritidis in this text). The principle for this normalization is to evaluate 

the relative effectiveness of a mutant of MccJ25 compared with wild-type MccJ25 in the 

context of the assays conducted. 
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2.3.12 Specificity analysis 

In the context of the four-pathogen screening, a mutation (j) is deemed to be 

specific if it causes a statistically significant deviation in the specificity metric compared to 

wild type. This metric is defined to be: 

Equation 1 

𝑆𝑗 = (4 −
∑ 𝑁𝑖,𝑗
4
𝑖

max(𝑁𝑖,𝑗)
) (

1

3
) 

There exists no universal metric to evaluate specificity of a process. To enable 

quantitative analysis of specificity the above metric was generated with the following 

property: range from zero (all equal normalized activity) to one (only one target having 

activity greater than zero). The significance of this metric was determined by bootstrap 

sampling wild-type measurements that were normalized to the intra-plate average activity 

of two wild-type MccJ25 measurements and performing the above calculation. Based 

upon this null distribution, values of 𝑆𝑗 > 0.3127 were deemed significant (p<0.001). 

Statistical analysis of specific normalized activity of MccJ25I13T 

For statistical analysis of specific normalized activity of MccJ25I13T against 

commensal E. coli relative to Salmonella enteritidis a two-sample t-test with unequal 

variance with the Bonferri correction was utilized. Isolates were deemed significant with 

p<0.05. 

2.4 Results 

2.4.1 Library Construction and Validation  

A collection of degenerate oligonucleotides was used to synthesize point-mutants 

of MccJ25 at 12 residues. Six of these sites were in the ring region (positions 2-7) which 
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has been previously identified to be highly sensitive to mutation74  and form critical 

interactions with the plug domain of FhuA (Figure 2.1.B)91,92. Six other sites from the loop 

region were selected to incorporate positions immediately following the lactam linked E8 

as well as several sites previously identified74,75 to have high mutational tolerance 

(positions 9-14). Randomly selected colonies from each sub-library were grown in 96-well 

plates. The following day, aliquots from each plate were pooled with maintained plate 

indices into a master 96-well plate. Whole-cell PCR was conducted on each of the wells 

in isolation (see Table 4 for primers). This process appended row and column indices to 

each construct which were then used to identify mutant identity via deep sequencing. 

Following colony isolation and high-throughput sequencing it was determined that 

207 of the 228 (91%) possible point mutations across MccJ25 positions 2-7 and 9-14 were 

generated via the site saturation mutagenesis. This compares reasonably with the 221 

variants (97%) that would be expected by completely random sampling with three-fold 

coverage of the NNK diversity, as some sampling efficiency was lost due to wells 

containing multiple mutants. 

2.4.2 Single Mutant Activity Analysis 

Point mutants were evaluated for growth inhibition, upon recombinant production 

and secretion, via an agar diffusion assay against two strains of Salmonella enterica 

(serovar Enteritidis (SE) and serovar Tennessee (STen)) and two strains of E. coli (JJ1887 

and O157:H7). These strains were selected due to their known susceptibility to MccJ25, 

prevalence in multiple domains as pathogens, and high level of laboratory characterization 

including available genomic data. Following overnight growth, the sizes of the zones of 

growth inhibition were measured and normalized to the sizes of wild-type MccJ25 zones 
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on each plate (see Materials and Methods for analysis). These data, summarized in Figure 

2.2.A, reveal a range of mutational tolerance. Against all targets, mutations at positions 

G4 and F10 had no detectable activity, while tolerance was strongly limited at H5 (only R 

mutant tolerated), P7 (only A mutant tolerated and with notably weaker activity), and F9 

(only Y mutant tolerated and with notably weaker activity) (Figure 2.2.B). Conversely, sites 

3 and 12-14 exhibit high tolerance, with moderate mutational tolerance observed for sites 

2, 6, and 11. In the context of the assay, ring and loop positions showed an average per-

residue mutational tolerance of 22% and 51%, respectively (Figure 2.7).  
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Figure 2.2. Normalized activity of MccJ25 single-site mutants against four targets. (A) The 
normalized activities of MccJ25 mutants against two strains of Salmonella as well as two 
pathogenic E. coli were determined via the size of zones of growth inhibition surrounding 
colonies of producer cells in solid culture. Each box corresponds to a MccJ25 site and 
particular amino acid variant (or wild-type as indicated) with four quadrants each that 
correspond to activity against the four indicated strains. (B-C) The main chain structure of 
mature MccJ25 with residues highlighted across the mutated position in the ring (2-7), and 
loop (9-14) as spheres. (B) Mutated positions are colored according to their mutational 
tolerance, defined as the fraction of mutations showing activity against at least one target. 



26 
 

(C) Mutated positions colored according to the average of the specificity metric for mutants 
at that position which had activity against at least one target. 

 

Negatively charged mutations are broadly unsupported (active in only 4% of test 

pairs), whereas positively charged mutations show higher broad tolerance (31%), with 

near-complete tolerance in positions 12-14 (92%). 

Chemical homology between wild-type residues and mutants was predictive of 

activity differences at positions G2, A3, V6, V11, and I13 (p < 0.05; Figure 2.8). Activities 

of mutants of G12 or G14 were not predictable by homology, despite having high 

mutational tolerance (84% and 78%, respectively). Tolerated mutations at G2 and A3 were 

mostly substitutions of small amino acids (A, G, C, S). Against Salmonella targets, partial 

activity was observed for several hydrophobic mutations (W, P, M, I, L, V) of A3. 

This multi-target activity evaluation also enables the determination of how 

mutations impact the normalized specificity. Across the entirety of MccJ25, 63/207 (30%) 

mutations show statistically significant specificity modulation (p < 0.001; Figure 2.3.A). 

Specificity was negatively correlated with the maximum activity against the four targets (p 

< 0.001; Figure 2.3.B). Mutants in the ring region active against at least one target showed 

higher specificity than mutants in the loop (p < 0.01; Figure 2.2.C). Chemical homology 

was not found to be predictive of specificity (Figure 2.9). 
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Figure 2.3. Mutant specificity and correlation with maximum activity. (A) The computed 
specificity metric across all mutants (including non-active, which have specificity of zero) 
is presented. The dashed line indicates the 99.999 percentile of the bootstrap sampled 
wild-type distribution which was defined as the null. Mutants with specificity greater than 
this were deemed statistically significant from 0. (B) The specificity of active mutants is 
plotted versus the maximum activity and specificity for mutations with a max activity above 
0 for ring (closed circle), and loop (open circle) positions. Spearman’s rho: -0.58 (p = 
2.3x10-8). When comparing the specificities of the ring and loop positions, it is found that 
the mutations in the ring confer greater specificity than those of the loop when considering 
active mutants (p  = 0.0016, Wilcoxon rank-sum right-tailed statistic, μring>μloop). 

2.4.3 Multiple Mutant Activity Analysis 

Utilizing the single mutant activity data, a collection of mutations across both the 

ring and loop regions were combined in a multi-mutant library. To design the library, the 

set of mutants with an average activity against SE and STen of at least 0.5 and a 

significant specificity metric were identified. A3T was selected as an exception due to 

differential response between the two Salmonella strains. Three positions in each region 

were selected: residues 2, 3, and 6 from the ring and residues 11, 13, and 14 from the 

loop. Due to higher specificity metrics, ring positions were preferentially given more 

phenotypic variation (4, 5, and 3 options) relative to loop positions (2, 4, and 2 options). 
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Repertoire for each residue was selected with preference for SE and STen as targets with 

reduced activity against one or both pathogenic E. coli strains. G2T and A3D were 

included because of codon degeneracy and not selected for attributes of interest. G12 

remained fixed in contrast to 13 and 14 to reduce library diversity and give preference to 

the top of the loop region (Table 1). In addition to aforementioned mutational options, 

library degeneracy included all wild-type residues. 

Table 1. Multi-mutant saturation mutagenic library of MccJ25. The composition of the 
multi-mutant library. Each of the listed positions was encoded using a set of degenerate 
oligonucleotides to include all combinations of the wild-type and mutant amino acids. The 
genetic diversity as well as screening results for activity are included. 

Position Wild-Type  Mutants 

2 G T,S,A 

3 A M,N,D,T 

6 V F,L 

11 V M 

13 I Y,S,T 

14 G A 

   

Theoretical Diversity 960  

Sampled Colonies 2000  

Unique In-library Sequences 919  

Active Sequences 32  
 

From this library of 960 possible unique sequences, 2000 randomly selected 

colonies were screened for activity against SE with 64 colonies showing some level of 

activity (Table 1). The relative rarity of active clones was surprising given the library was 

composed of combinations of active single-mutants (extended observation provided in 

Discussion). Following Illumina deep sequencing of active and inactive colonies, it was 

found that the screened set contained 919 unique in-library sequences covering 96% of 

the designed library sequence space. There was a total of 32 unique sequences (31 
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mutants and wild-type, Table 2) which showed functional activity against SE in the assay. 

Six mutants of the 12 sampled active single-mutants did not show activity in this assay 

whereas they did in the first (G2S, A3N, V6F, V6L, I13S, I14A). Codon usage is unable to 

explain these differences (p > 0.1; Table 5). Though unidentified as single mutants, each 

of these single mutants was represented in variants with 2 or more mutations.  
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Table 2. Active mutants from multi-mutant saturation mutagenesis library. Sequences of 
active variants from the multi-mutant initial screening with at least two mutations are listed. 
Blank cells are wild-type amino acids. The activities of these variants against Salmonella 
enterica serovar enteritidis (SE) are listed. 

Position Activity 
against SE† 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 

Wild-type MccJ25  

G G A G H V P E Y F V G I G T P I S F Y G +++++ 

Active multi-mutant  
 A           Y         ++ 
     F       T         + 
     F       Y         ++ 
     L       Y         + 
            S A        + 
  N   F                ++ 
  N        M           + 
  N           A        + 
  N          S         + 
  T   F                + 
  T           A        +++ 
  T          T         ++++ 
  T          Y         +++ 
 S    F                ++++ 
 S           T         + 
 S N                   + 
 A N          Y         + 
 A T   F                + 
     F       T A        + 
  T        M  Y         + 
 S         M  Y         + 
 S N          Y         + 
 S T          Y         + 
 A M   L       T         + 

†Activity against SE was determined by zone-of-inhibition size for each mutant and 
indicated in one of five bins <20%, <40%, <60%, <80%, and 100% of wild-type MccJ25 
indicated by +, ++, +++, ++++, and +++++, respectively. 
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The activity of MccJ25 and all active multi-mutants were tested against randomly 

selected human commensal E. coli isolates. These isolates are identified via genetic 

screening to be probable non-extraintestinal pathogenic E. coli93, representing non-

pathogenic commensal E. coli and are gathered from both urine and fecal samples. Of 

these 20 isolates, 18 were found to have susceptibility to wild-type MccJ25 in a liquid-

culture growth inhibition assay (Figure 2.10). 

Those isolates which showed susceptibility were tested against heat-sterilized 

supernatant derived from active variants from the multi-mutant MccJ25 library (examples 

from multi-mutant screening stages displayed in Figure 2.11). It was found that the I13T 

single mutation significantly reduces the specific normalized activity against 15 of 18 of 

the strains, susceptible to MccJ25 in liquid culture, relative to SE (p<0.05; Figure 2.4.A-

C). Assessment of MccJ25 and I13T for bactericidal/bacteriostatic action demonstrated 

similar responses against three commensal E. coli strains with a range of MccJ25 

responses as well as the indicator Salmonella strains (Figure 2.4.D). On average, this 

mutation reduced the specific normalized activity against the 18 evaluated commensals 

by 81%. This mutation also maintained >50% supernatant activity compared to wild-type 

MccJ25 against SE. This contrasted with the majority of multi-mutants which had 

considerable lower normalized activity against SE (Table 2). 
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Figure 2.4. MccJ25I13T demonstrates improved specificity. For pre-purified activity 
quantification MccJ25 mutants were first grown and induced in liquid culture, then the 
supernatants were isolated and sterilized by heating to 98 ºC for 15 min. and then plated 
on agar containing target organisms yielding a spectrum of responses (A, left: STen, 
middle: PUTI 53, right: FVEC 964). The specific activity, assessed via dilution plating, of 
wild-type MccJ25 (B, light bars) and MccJ25I13T (B, dark bars), as well as the specific 
normalized activity (C) are shown against 18 commensal E. coli human isolates (grey 
bars) as well as well as two strains of Salmonella (blue bars). Data use Salmonella 
enterica serovar enteritidis (SE) as a reference point. These data demonstrate significant 
reduction of specific normalized activity for 15 of the 18 E. coli isolates (p<0.05). (D) To 
differentiate bactericidal from only bacteriostatic response, a subset of commensal E. coli 
and both Salmonella were incubated for one hour in exponential phase growth with 
MccJ25 or MccJ25I13T and colony forming units (cfu) determined. A value below unity (100) 
is indicative of bactericidal activity. 

MccJ25 and MccJ25I13T exhibit good thermal stability as evidenced by their activity 

after heat sterilization (98ºC for 15 min) in the previous assay. Stabilities in the presence 

of protease and acidic conditions were also evaluated. MccJ25I13T and MccJ25 are 

essentially equivalent in protease tolerance up to the highly stringent condition of 0.25 
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U/mL proteinase K at 60ºC for 10 minutes. At more extreme conditions, MccJ25I13T does 

lose activity, dropping to zero with 1 U/mL protease whereas MccJ25 retained 50% 

residual activity up to 4 U/mL protease (Figure 2.5.A). To assess stability in acid 

conditions, supernatants of both MccJ25 and MccJ25I13T were incubated at pH 1.5 for 30 

min via HCl addition and returned to pH 7.0 via NaOH addition. Both peptides retained full 

activity (Figure 2.5.B). The activities of purified MccJ25 and MccJ25I13T, extracted and 

purified from supernatant, were assessed against SE, demonstrating activity of the pure 

form of both (Figure 2.12). 

 

Figure 2.5. Proteolytic and acid stability of MccJ25 and MccJ25I13T. (A) Supernatant of 
wild-type MccJ25 (WT, open circles) and MccJ25I13T (I13T, filled circles) were incubated 
at 60 °C for 10 minutes in the presence of varying concentrations of Proteinase K followed 
by Proteinase K inactivation by incubating at 98°C for 20 minutes. These processed 
supernatants were then deposited on SE-seeded LB agar plates. Following growth, the 
size of the zones of growth inhibition were measured to determine residual activity. (B) 
Supernatant of WT and I13T were incubated at 37°C for 30 minutes at pH 1.5 (via HCl, 
grey bars) followed by normalization to pH 7.0 (via NaOH). Residual activity was then 
determined using SE as an indicator strain. 
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2.5 Discussion 

Significant effort remains to develop platforms for next generation antimicrobials. 

The use of ribosomally synthesized AMPs offers the advantage to explore functional 

sequence space using straightforward genetic manipulation toolkits. Though many efforts 

have explored the functional sequence landscape of ribosomally synthesized AMPs, few 

studies have focused on the modulation of specificity of these proteins. Improved 

specificity for target pathogens can reduce the pressure for AMP resistance development 

against off-target bacteria as well as improve patient standard of care by reducing 

microfloral disruption. 

Through the evaluation of a collection of single- and multi-mutants of MccJ25, an 

I13T mutation was identified which significantly reduces activity towards 15 of 18 randomly 

selected E. coli isolates from humans relative to activity against SE. Though wild-type 

MccJ25 specificity and efficacy is an improvement over tradition broad-spectrum 

antibiotics, its high efficacy towards commensal E. coli could pose an issue for human 

application. Of the E. coli isolates tested, 90% have susceptibility to MccJ25, 55% have 

susceptibility at least half that of SE and 10% show higher susceptibility. In contrast, 83% 

of MccJ25-susceptible isolates have reduced susceptibility to MccJ25I13T relative to SE, 

with an average reduction of 81%.  

All testing was done using assays that measure total activity, the combination of 

production rate and per-molecule activity. The high specificity modulation of ring-position 

mutants, possibly driven by interactions during binding to the plug domain of FhuA, lost 

out in the screening performed likely because of the significant losses to activity these 

mutations acquired. Future studies could explore promising ring-position mutations further 

to evaluate per-molecule activity. 



35 
 

In addition to the specificity modulation, it should be noted that though the 

mutational tolerance data provided by singletons is complementary of work done by 

Pavlova et al., there are several deviations. Several mutations at position G2 (A, C, S) 

were found to be active in the agar diffusion assay used here, however they were not 

detected for production, maturation, export, and stability by Pavlova et al. It is possible 

that the expression system in this work may produce larger quantities of MccJ25 and 

variants than the naturally-occurring gene cluster utilized in Pavlova et al.’s work. The 

gene cluster used in this work is derived from the cluster developed by Pan and co-

workers88. 

As demonstrated in Figure 2.3.B, there is an inverse relationship between 

specificity and activity for single-mutants of MccJ25. Though unexplored in AMP research, 

this trade-off is well known in other protein classes, most notably enzymes94. This tradeoff 

is due to the large combinatorial landscape of proteins, resulting in multi-function optima 

being rare. A direct consequence of this property is the lack of multi-mutants retaining high 

levels of activity, further highlighting the necessity of high-throughput screening to discover 

mutants with both specificity as well as high activity. 

MccJ25 and MccJ25I13T exhibit high stability under thermal, acidic, and proteolytic 

stresses. Though MccJ25I13T showed higher susceptibility to proteinase K, the conditions 

of the assay (60°C for 10 minutes, high concentration of nonspecific protease) were 

elevated in comparison to physiological conditions in order to stress the peptides. 

In this work it was demonstrated that mutagenic libraries can be used to identify 

variants of MccJ25 with improved specificity towards pathogenic targets over commensal 

organisms. This study resonates with previous work regarding the flexibility of MccJ25’s 

loop region to functional modification75,95,96 suggesting a capacity of MccJ25 to be tailored 
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to applications of interest. Though these methods are laborious, scaling linearly with target 

screening, they offer tremendous opportunity to tune AMPs for use in treating human 

infections. For many AMPs, in particular bacteriocins produced by gram-negative bacteria, 

the lack of information provided by homologous sequences, solved structures, or 

descriptions of uptake and mode of action, necessitates studies such as this to provide 

insight which can be utilized to design sequences with desired properties. 
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2.8 Supporting Information 

2.8.1 Algorithm to measure zones of inhibition 

Sizes of zones of inhibition were measured using a custom MATLAB script (see 

attached code and example). This script works according to the following pseudocode: 

1. Import image, downscale and apply a median smoothing to reduce noise 

2. User selects starting pixel within the colony of the producing bacteria 

3. Algorithm steps out to adjacent pixels, adding them to the set of colony pixels 

if their intensity is above some fraction (user defined, default to 0.95) of the 

average of added colony pixels. 

4. Pixels which are surrounded by colony pixels are automatically added to the 

colony pixels and assumed to be image errors or inconsistency in growth 

region. 

5. Algorithm then steps out from boundary of colony pixels to add zone of 

inhibition pixels, adding pixels below some user fraction of the average (default 

to 1.0). 

6. Surrounded pixels are added as well 

7. Program outputs the size of each zone in pixels 
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Below is an example output: 

 

Figure 2.6. Automated measuring of zones of inhibition (Top-left) Imported and 
smoothed image taken by user showing two producer colonies surrounded by zones of 
inhibition as a result of antimicrobial production. (Top-right) Upon selection of the left 
producer colony, the algorithm generates the displayed producer colony (size = 531 
pixels). (Bottom-left) The algorithm displays the zone of inhibition (size = 807 pixels). 
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Figure 2.7. Per-residue mutational tolerance. Displayed are the fractions of 
sampled mutants (n = 14-18 per site) which retained detectable activity against any of the 
four targets are presented. The analysis finds that loop positions 11-14 form the 
continuous set of residues with the highest mutational tolerance. Positions 7 and 9 are 
known to have a low tolerance for mutation. Pavlova et al showed that mutating positions 
7 and 9 reduced RNAP inhibition.  
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Figure 2.8. Relationship between chemical homology and MccJ25 mutant activity per 
residue.  

Chemical homology, a global relationship of the tendencies of different amino acid 

substitutions at evolutionarily related sites, was assessed as a predictor of activity of 

MccJ25 single-mutants. For each position the correlation between activities, against all 

four pathogenic targets of mutants sampled, and the BLOSUM 90 score associated with 

the (wild-type, mutant) pair was analyzed.  

It is found (Figure 2.8) that 5 of 12 positions tested show a significant Spearman’s 

correlation (p<0.05, Bonferri corrected, dashed line bottom plot. Computed using exact 

permutation.). Position 2 shows a preference for small amino acids, G2[A,C,S]. Position 3 

shows a preference for small amino acids, A3[G,C,S,T], but also supports many others. 

However, many mutations show differences between the different targets, implying that 
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this interaction may serve to enable some specificity. Though position 5 showed 

conservation amongst mutations sampled, as well as supporting literature data91 (requiring 

charged residue), only 1 other mutation was tolerated and sampled (H5R), which was 

insufficient evidence for testing. Position 6 shows a preference for hydrophobic residues, 

V6[L,I,W,F]. Position 11 shows a preference for hydrophobic residues, V11[I,M,W]. 

Position 13 shows a small preference for hydrophobic residues, I13[F,W,Y,M,L,V,A], but 

also tolerates many hydrophilic mutations. Surprisingly, though positions 12 and 14 show 

a high tolerance for mutation, they don’t show a relationship between the BLOSUM90 

scores for mutants in reference to wild-type (Glycine). These data could be explained by 

the lack of a meaningful interaction between residues 12 and 14 of MccJ25 and any 

proteins in the host involved in transport or activity. 

 

Figure 2.9. Correlation between specificity and chemical homology. 
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Similar to the analysis done in Figure 2.8, the relationship between chemical 

homology and specificity for each single-mutant was assessed (Figure 2.9). There is 

insufficient evidence that chemical homology between wild type and mutant predict the 

specificity (p > 0.1). 

 

Figure 2.10. Evaluation of commensal E. coli susceptibility to wild-type MccJ25. 
Commensal E. coli isolates were grown overnight to stationary phase in LB. The following 
day they were diluted 1000x in fresh LB supplemented to 20 vol% sterilized supernatant 
from a MccJ25 -producing cell line. Their growth was then monitored at 37 °C via optical 
density readings to observe the impact of MccJ25 -containing supernatant on growth. Of 
the 20 isolates evaluated, 18 showed susceptibility to MccJ25. The above are averages 
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of 2 replicates per isolate exposed to both MccJ25 (red) and stop-codon mutated MccJ25 
(black) supernatant. PUTI 173 and FVEC 272 do not show susceptibility to MccJ25. 

 

Figure 2.11. Screening strategy for multi-mutant MccJ25 library. (A) Colonies of 
randomly-selected producers of mutants of MccJ25 were transferred to LB-agar plates 
seeded with SE and IPTG. Following outgrowth, colonies showing zones of inhibition were 
gathered. (B) Heat-sterilized supernatants produced from the 64 active colonies from (A) 
were assayed for activity against pathogenic strains as well as human commensal E. coli. 
In the examples displayed, the orange boxes outline clones that were sequence-verified 
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to be MccJ25I13T. The differential response in activity between STen (left) and two human 
commensal E. coli strains (middle, right) can be seen. (C) Activities of supernatants of 
candidate producers showing promising specificity modulation in (B) were quantified via 
dilution-series against all pathogens and human commensal E. coli. 

 

 

Figure 2.12. Assessment of activity of purified MccJ25 and MccJ25I13T. MccJ25 (A-
C) and MccJ25I13T (D-F) were purified from supernatant of expressing cells. Following a 
2-volume n-butanol extraction, samples were dried and run on RP-HPLC (A, D). All peaks 
absorbing at 280 nm were collected and evaluated for activity. Only the indicated peaks 
(closed circles) displayed activity against the Salmonella indicator strain. To assess 
identity, active peaks were freeze-dried under vacuum, resuspended in ultrapure water 
and evaluated via matrix-assisted laser-desorption ionization mass spectrometry (B, E). 
The processed form (closed circle) and linear form (open circle) of MccJ25 and MccJ25I13T 
were identified. Previous efforts in the literature have demonstrated that the linear form is 
not active97. Water-solubilized purified peptides exhibited activity against Salmonella 
indicator strain in an agar plate assay analogous to Figure 2.4 (C, F). 
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Table 3. Bacteria and plasmids used. 

Bacterial Strain or Plasmid Description Reference or Source 

NEB Express Iq BL21 derivative, no 
antimicrobial peptides or 
proteins, overexpresses LacI 

New England Biolabs 

Pathogenic Targets 

Salmonella enterica 
serovar Enteritidis 

 #MH9189 Timothy Johnson, 
Veterinary and 
Biological Science, 
University of Minnesota 

Salmonella enterica 
serovar Tennessee 

 #ST101 Timothy Johnson, 
Veterinary and 
Biological Science, 
University of Minnesota 

Escherichia coli JJ1887 Urinary tract infection causing J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli O157:H7 #2026  Michael Sadowsky, 
Biotechnology Institute, 
University of 
Minnesota  

Commensal Targets 

Escherichia coli PUTI 53 Human isolate. Sourced 
sample type: Urine 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli PUTI 102 Human isolate. Sourced 
sample type: Urine 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli PUTI 105 Human isolate. Sourced 
sample type: Urine 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli PUTI 166 Human isolate. Sourced 
sample type: Urine 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli PUTI 169 Human isolate. Sourced 
sample type: Urine 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli PUTI 173 Human isolate. Sourced 
sample type: Urine 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli PUTI 276 Human isolate. Sourced 
sample type: Urine 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 
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Escherichia coli PUTI 336 Human isolate. Sourced 
sample type: Fecal 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli PUTI 375 Human isolate. Sourced 
sample type: Fecal 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli PUTI 379 Human isolate. Sourced 
sample type: Fecal 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli FVEC 272 Human isolate. Sourced 
sample type: Fecal 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli FVEC 632 Human isolate. Sourced 
sample type: Fecal 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli FVEC 638 Human isolate. Sourced 
sample type: Fecal 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli FVEC 744 Human isolate. Sourced 
sample type: Fecal 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli FVEC 819 Human isolate. Sourced 
sample type: Fecal 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli FVEC 867 Human isolate. Sourced 
sample type: Fecal 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli FVEC 964 Human isolate. Sourced 
sample type: Fecal 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli FVEC 
1067 

Human isolate. Sourced 
sample type: Fecal 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli FVEC 
1468 

Human isolate. Sourced 
sample type: Fecal 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Escherichia coli FVEC 
1617 

Human isolate. Sourced 
sample type: Fecal 

J. Johnson, Veterans 
Affairs Hospital, 
Minneapolis, MN 

Plasmid 

pJP3 Microcin J25 expression 
cassette containing plamid. 
McjA under Laco/T5 for 
controlled induction. 

Link group, Princeton 88 
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pJP4 pJP3 variant with XhoI moved 
downstream and optimized 
ribosomal binding site 

This work 
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Table 4. Sequences for genes and oligonucleotides used. 

pJP4 

Modified 
mcjA 
expression 
cassette 

CCCTTTCGTCTTCACCTCGATCGATCATAAAAAATTTATTTGCTTT
GTGAGCGGATAACAATTATAATACTCGAGGCGCC 
AGTCTCCCCATAAGGAGGTTAACATACATGATCAAACATTTTCACT
TCAACAAACTGTCAAGCGGTAAGAAGAATAATGT 
TCCGAGCCCAGCAAAGGGAGTGATTCAGATTAAGAAGAGCGCCT
CGCAATTAACGAAGGGCGGTGCTGGTCATGTCCCTG 
AATATTTCGTGGGCATCGGGACCCCAATCTCCTTCTATGGGTAAA
AGCTTAATTAGCTGAGCTTGGACTC 

  

Single-site saturation mutagenesis  

mcjaFWD1 
AATTCTCGAGGCGCCAGTCTCCCCATAAGGAGGTTAACATACATG
ATCAAACATTTTCAC 

mcjaFWD2 
TACATGATCAAACATTTTCACTTCAACAAACTGTCAAGCGGTAAGA
AGAATAATGTTCCG 

mcjaFWD3 
GTAAGAAGAATAATGTTCCGAGCCCAGCAAAGGGAGTGATTCAG
ATTAAGAAGAGCGCCT 

mcjaFWD4 TCAGATTAAGAAGAGCGCCTCGCAATTAACGAAG 

mcjaFWD4_li
b_3'_set1 

GAATATTTCGTGGGCATCGGGACCCCAATCTCCTTCTATGGGTAA
AAGCTTAGCCGACCG 

mcjaFWD4_li
b_5'_set2 

GCGCCTCGCAATTAACGAAGGGCGGTGCTGGTCATGTCCC 

mcjaFWD4_li
b_3'_set2 

ACCCCAATCTCCTTCTATGGGTAAAAGCTTAGCCGACCG 

mcjaFWD4_li
b_5'_set3 

GGCGGTGCTGGTCATGTCCCTGAATATTTCGTGGGCATCG 

mcjaFWD_lib
_5' _lib2 

GCGCCTCGCAATTAACGAAGGGCNNKGCTGGTCATGTCCCTGAA
TATTTCGTGGGCATCG 

mcjaFWD_lib
_5' _lib3 

GCGCCTCGCAATTAACGAAGGGCGGTNNKGGTCATGTCCCTGAA
TATTTCGTGGGCATCG 

mcjaFWD_lib
_5' _lib4 

GCGCCTCGCAATTAACGAAGGGCGGTGCTNNKCATGTCCCTGAA
TATTTCGTGGGCATCG 

mcjaFWD_lib
_5' _lib5 

GCGCCTCGCAATTAACGAAGGGCGGTGCTGGTNNKGTCCCTGAA
TATTTCGTGGGCATCG 

mcjaFWD_lib
_5' _lib6 

GCGCCTCGCAATTAACGAAGGGCGGTGCTGGTCATNNKCCTGAA
TATTTCGTGGGCATCG 

mcjaFWD_lib
_5' _lib7 

GCGCCTCGCAATTAACGAAGGGCGGTGCTGGTCATGTCNNKGAA
TATTTCGTGGGCATCG 

mcjaFWD_lib
_5' _lib9 

GGCGGTGCTGGTCATGTCCCTGAANNKTTCGTGGGCATCGGGAC
CCCAATCTCCTTCTAT 

mcjaFWD_lib
_5' _lib10 

GGCGGTGCTGGTCATGTCCCTGAATATNNKGTGGGCATCGGGAC
CCCAATCTCCTTCTAT 

mcjaFWD_lib
_5' _lib11 

GGCGGTGCTGGTCATGTCCCTGAATATTTCNNKGGCATCGGGAC
CCCAATCTCCTTCTAT 
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mcjaFWD_lib
_5' _lib12 

GGCGGTGCTGGTCATGTCCCTGAATATTTCGTGNNKATCGGGAC
CCCAATCTCCTTCTAT 

mcjaFWD_lib
_5' _lib13 

GGCGGTGCTGGTCATGTCCCTGAATATTTCGTGGGCNNKGGGAC
CCCAATCTCCTTCTAT 

mcjaFWD_lib
_5' _lib14 

GGCGGTGCTGGTCATGTCCCTGAATATTTCGTGGGCATCNNKAC
CCCAATCTCCTTCTAT 

REV_amplify
_10_03_16 

CGGTCGGCTAAGCTTTTA 

    

Multi-site saturation mutagenesis  
Lib3s1_Lib13
s1 

CCTCGCAATTAACGAAGGGCRSCRMCGGACACBTCCCAGAATAC
TTCRTGGGATMCGSAACCCCAATCTCCTTCTATGG 

Lib3s2_Lib13
s1 

CCTCGCAATTAACGAAGGGCRSCATGGGACACBTCCCAGAATAC
TTCRTGGGATMCGSAACCCCAATCTCCTTCTATGG 

Lib3s1_Lib13
s2 

CCTCGCAATTAACGAAGGGCRSCRMCGGACACBTCCCAGAATAC
TTCRTGGGAAYAGSAACCCCAATCTCCTTCTATGG 

Lib3s2_Lib13
s2 

CCTCGCAATTAACGAAGGGCRSCATGGGACACBTCCCAGAATAC
TTCRTGGGAAYAGSAACCCCAATCTCCTTCTATGG 

FWD1 
TATAATACTCGAGGCGCCAGTCTCCCCATAAGGAGGTTAACATAC
ATGATCAAACATTTT 

FWD2 
ACATACATGATCAAACATTTTCACTTCAACAAACTGTCAAGCGGTA
AGAAGAATAATGTT 

FWD3 
GCGGTAAGAAGAATAATGTTCCGAGCCCAGCAAAGGGAGTGATT
CAGATTAAGAAGAGCG 

FWD4 GATTCAGATTAAGAAGAGCGCCTCGCAATTAACGAAGGGC 

REV AGCTAATTAAGCTTTTACCCATAGAAGGAGATTGGGGT 

    

Next-generation Sequencing  

TSUA1 
AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGAC
GCTCTTCCGATCT 

BarcodeR1 ACACGACGCTCTTCCGATCTCTAGGCGCCTCGCAATTAACGAAG 

BarcodeR2 ACACGACGCTCTTCCGATCTCATAGCGCCTCGCAATTAACGAAG 

BarcodeR3 ACACGACGCTCTTCCGATCTATATGCGCCTCGCAATTAACGAAG 

BarcodeR4 ACACGACGCTCTTCCGATCTTCTAGCGCCTCGCAATTAACGAAG 

BarcodeR5 ACACGACGCTCTTCCGATCTTACGGCGCCTCGCAATTAACGAAG 

BarcodeR6 ACACGACGCTCTTCCGATCTGCGTGCGCCTCGCAATTAACGAAG 

BarcodeR7 ACACGACGCTCTTCCGATCTTGGCGCGCCTCGCAATTAACGAAG 

BarcodeR8 ACACGACGCTCTTCCGATCTGACTGCGCCTCGCAATTAACGAAG 

BarcodeC1 AGACGTGTGCTCTTCCGATCACCGCTCAGCTAATTAAGCTTTTA 

BarcodeC2 AGACGTGTGCTCTTCCGATCTGGTCTCAGCTAATTAAGCTTTTA 

BarcodeC3 AGACGTGTGCTCTTCCGATCTCTACTCAGCTAATTAAGCTTTTA 

BarcodeC4 AGACGTGTGCTCTTCCGATCCAGTCTCAGCTAATTAAGCTTTTA 

BarcodeC5 AGACGTGTGCTCTTCCGATCCTACCTCAGCTAATTAAGCTTTTA 

BarcodeC6 AGACGTGTGCTCTTCCGATCGGCACTCAGCTAATTAAGCTTTTA 

BarcodeC7 AGACGTGTGCTCTTCCGATCAGTGCTCAGCTAATTAAGCTTTTA 

BarcodeC8 AGACGTGTGCTCTTCCGATCCAACCTCAGCTAATTAAGCTTTTA 
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BarcodeC9 AGACGTGTGCTCTTCCGATCCTGCCTCAGCTAATTAAGCTTTTA 

BarcodeC10 AGACGTGTGCTCTTCCGATCGAGTCTCAGCTAATTAAGCTTTTA 

BarcodeC11 AGACGTGTGCTCTTCCGATCCGTGCTCAGCTAATTAAGCTTTTA 

BarcodeC12 AGACGTGTGCTCTTCCGATCTTAACTCAGCTAATTAAGCTTTTA 

TSI3' 
CAAGCAGAAGACGGCATACGAGATCGTGATGTGACTGGAGTTCA
GACGTGTGCTCTTCCG 

 

Table 5. Codon usage and multi-mutant library activity. 

 Codon Codon Usage90,a Activity vs SE 

Position 
Amino 
Acid 

Singletons 
Multi- 

mutant 
Singletons 

Multi- 
mutant 

Singletons 
Multi- 

mutant 

2 T ACG ACC 8.5 14.3 0 1 

2 S TCT AGC 21.2 15.9 0.8 0 

2 A GCG GCC 54.9 14.1 0.6 1 

2 G GGT GGC 14.3 14.3 1 1 

3 M ATG ATG 8.5 8 0.6 1 

3 N AAT AAC 32.6 19.6 0.5 0 

3 T ACG ACC 14.6 25.2 0.7 1 

3 D GAT GAC 32.6 25.5 0 1 

3 A GCT GCC 24.4 33.1 1 1 

6 L CTG CTC 37.4 37.4 0.3 0 

6 V GTC GTC 14.6 25.2 1 0 

6 F TTT TTC 30 15.1 0.5 1 

11 M ATG ATG 13.8 25.5 0.4 1 

11 V GTG GTG 28.9 18.8 1 1 

13 Y TAT TAC 37.4 37.4 0.5 1 

13 S TCT TCC 33.9 33.9 0.5 0 

13 T ACG ACA 18.6 8.5 0.5 1 

13 I ATC ATC 14.6 6.1 1 1 

14 A GCG GCA 37.4 37.4 0.7 0 

14 G GGG GGA 14.3 8.2 1 1 
aCodon usage estimated for Escherichia coli  

It is found that only 50% of inactive singletons from the multi-mutants library can 

be explained by codon usage differences. The p-values for the grid of comparisons do not 

support codon usage predicting activities of singletons in the multi-mutant library (p > 0.1). 
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Chapter 3 Validation and stabilization of a prophage lysin of 

Clostridium perfringens by yeast surface display and co-

evolutionary models 

 

Adapted from “Ritter, S.C., Hackel B.J., ‘8 Validation and stabilization of a prophage 

lysin of Clostridium perfringens by yeast surface display and co-evolutionary models.’ 

Applied and Environmental Microbiology 2019, 85(10): e00054-19. 

Permission to reuse all figures and text contained in this chapter has been granted by the 

American Society for Microbiology. 

3.1 Synopsis 

Bacteriophage lysins are compelling antimicrobial proteins whose biotechnological 

utility and evolvability would be aided by elevated stability. Lysin catalytic domains, which 

evolved as modular entities distinct from cell wall binding domains, can be classified into 

one of several families with highly conserved structure and function, many of which contain 

thousands of annotated homologous sequences. Motivated by the quality of this 

evolutionary data, the performance of generative protein models incorporating co-

evolutionary information was analyzed to predict the stability of variants in a collection of 

9,749 multi-mutants across 10 libraries diversified at different regions of a putative lysin 

from a prophage region of a Clostridium perfringens genome. Protein stability was 

assessed via a yeast surface display assay with accompanying high-throughput 

sequencing. Statistical fitness of mutant sequences, derived from second-order Potts 

models inferred with different levels of sequence homolog information, was predictive of 
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experimental stability with AUCs ranging from 0.78 to 0.85. To extract an experimentally 

derived model of stability, a logistic model with site-wise score contributions was 

regressed on the collection of multi-mutants. This achieved a cross-validated classification 

performance of 0.95. Using this experimentally derived model, 5 designs incorporating 5 

or 6 mutations from multiple libraries were constructed. All designs retained enzymatic 

activity with 4 of 5 increasing melting temperature, with the highest performing design 

achieving an improvement of +4 °C.  

3.2 Introduction 

Increased prevalence of antibiotic-resistant bacteria5 is necessitating the 

development of new platforms for the discovery and optimization of antimicrobials. Lysins, 

enzymes that degrade peptidoglycan within the cell wall of bacteria98, possess the 

potential to be one such platform. Important for bacteriophage lytic cycle as well as 

bacterial host cell wall remodeling, lysins have evolved to have high host specificity.99 Most 

gram-positive lysins are multi-domain proteins possessing a domain which binds 

specifically to the cell wall of target bacteria, and a catalytic domain which hydrolyzes 

bonds in the peptidoglycan backbone.100 Lysins, however, generally only have mild 

stabilities and there has been considerable effort to improve the stabilities of several 

lysins, traditionally by utilizing domain swapping101,102. Mutagenesis studies – either 

random103 or rational when crystal structures are available to be used in conjunction with 

protein design frameworks such as Rosetta and FoldX104 – have had mild success. Lysin 

engineering efforts have been extensively reviewed.105 High-throughput engineering 

strategies employed for lysins include microfluidic encapsulation106 and microtiter 

plates103.  
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Beneficial mutations have been preferentially identified based on their presence in 

protein homologs, both natural107,108 and synthetic109,110. The hybrid of homolog-guided 

design and combinatorial library screening – to design efficient sets of mutants with a high 

frequency of beneficial mutants – has proven effective.111–113 Though the cell wall binding 

domains of lysins tend to be unique, the catalytic domains have high structural and 

sequence homology114 with other members of the same catalytic families. Some catalytic 

domain families, due to the presence of prophage genomic elements as well as autolysins, 

have tens of thousands of homologous family members. The concordance of these two 

facts implies that homology-guided generative models incorporating higher-order 

interactions are promising tools for guiding design of mutagenic lysin libraries.  

The promise of bacteriophage lysins as antimicrobials has been hindered by 

environmental as well as growth-phase-dependent cell wall modifications, leading to poor 

in vivo performance in many instances despite in vitro success.28 Improving lysin catalytic 

performance through mutagenesis may be greatly enhanced by first stabilizing the 

catalytic domain, as seen in other enzymes.115,116 This is because most mutations will be 

destabilizing117, and improving the starting stability increases the fraction of folded 

variants, thereby increasing the available sequence space that can be explored for 

performance optimization.  

Yeast surface display118,119 has been utilized to engineer a wide variety of protein 

properties including thermostability120, binding affinity38,118,121, and enzyme activity48,122. 

This is accomplished, but also limited, by the nature of the assay, which tethers a protein 

of interest via a flexible linker to a displayed protein on the yeast surface. Herein, yeast 

surface display was used as a high-throughput protein stability assay to evaluate use of 

homology-guided protein generative models for the design of mutagenic libraries of the 
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catalytic domain of a putative lysin123 from a prophage region of the genome of Clostridium 

perfringens ATCC 13124. Further, a first-order Potts model was regressed over the 

stability information of the multi-mutants in order to extract single-mutant stability 

contributions. From these data, promising mutations from multiple libraries were combined 

into designs not seen individually in the assay to generate a small collection of designed 

proteins (Figure 3.1). Of the five designs tested with between five and six mutations: all 

degrade C. perfringens cell walls; four have a higher melting temperature than wild-type, 

with the largest increase being approximately 4 °C; and three retain more activity after 

incubation at 42 °C than wild-type. 

 

Figure 3.1. Experimental and data analysis workflow. 

3.3 Results 

3.3.1 LysCP2 degrades C. perfringens cell walls and exhibits modest stability 

LysCP2 was previously identified as a putative lysin in the genome of C. 

perfringens ATCC 13124123. Of the list of putative lysins, LysCP2 was selected for the 
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current study for the following reasons: it belonged to the largest catalytic family (glycoside 

hydrolase 25, GH25) of identified lysin genes; it possessed an SH3 domain, common 

among almost all putative lysins identified in the study; and it originated from a prophage 

domain of the genome, indicating it is most likely of bacteriophage origin. To aid in 

visualization and identification of catalytic-domain residues the automated pipeline of 

SWISS-MODEL124 was used to generate a homology model of LysCP2. This process 

identified an x-ray structure of the endolysin of C. perfringens phage phiSM101125 as a 

template with 40% identity with LysCP2. The resulting template had a QMEAN score of -

3.14, with the highest confidence within the catalytic domain. This structure comprises two 

functional domains, an N-terminal GH25 domain and a C-terminal SH3 cell wall binding 

domain (Figure 3.2.A and B). None of the cysteines, either in the catalytic domain or the 

cell-wall-binding-domain, are oriented such that one would expect them to form disulfides, 

as predicted in the homology model. E. coli effectively produced LysCP2 in the soluble 

lysate fraction with a genetically appended GSHHHHHH epitope at the C-terminus to 

facilitate purification by cobalt affinity chromatography (Figure 3.2.C). 
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Figure 3.2. Sequence and purification of LysCP2. (A) Homology model of LysCP2, with 
the locations of designed mutagenic libraries highlighted as colored spheres. (B) Primary 
sequence of LysCP2 with underlined catalytic domain and mutagenic libraries with colors 
the same as in the structure. (C) SDS-PAGE analysis of purified LysCP2 resulting from 
the soluble fraction of E. coli lysate purified by Co-NTA chromatography. Expected 
molecular weight: 41.1 kDa. 

The activity of purified LysCP2 was assessed against crude cell wall extract of C. 

perfringens ATCC 12916. 200 nM LysCP2 effectively degrades C. perfringens cell wall 

(Figure 3.3.A) consistent with its hypothesized function. The thermal stability of LysCP2 

was determined by Sypro Orange thermal assay, which indicates a modest Tm of 38.3 ± 

0.7 °C (Figure 3.3.B). To evaluate the influence of the catalytic domain on stability, the 
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catalytic domain with addition of the flexible linker region (INKESSKVT) was expressed in 

isolation and evaluated for thermal stability (Figure 3.3.B). Though the Tm cannot be 

reliably measured, it can be estimated to be <30 °C from the data. Thus, LysCP2 exhibits 

the expected cell wall degradation function though it has modest thermal stability, 

including within its catalytic domain, which motivates evolution of elevated stability.  

 

Figure 3.3. Purified LysCP2 degrades C. perfringens cell walls with modest stability. (A) 
C. perfringens ATCC 12916 cell walls were exposed to either 0 nM (dotted) or 200 nM 
(solid) LysCP2. Cell wall integrity was monitored via optical density at 600 nm. Three 
replicates of each condition are shown. (B) Full LysCP2 (solid) or the catalytic domain of 
LysCP2 (dotted) were heated from 25 °C to 98 °C, and Sypro Orange signal was 
monitored. The Tm of LysCP2 is indicated by a vertical red line. 

 

3.3.2 Proteinase K degradation of yeast-displayed LysCP2 demonstrates thermal 

transition consistent with stability and inactivation properties 

Yeast surface display can be used for high-throughput evaluation of protein 

stability based on resistance to proteinase K digestion under thermal stress (Figure 

3.4.A)126. Yeast-displayed LysCP2 demonstrates resistance to proteinase K cutting until 

unfolding at 40 °C (Figure 3.4.B). This transition is consistent with stability as determined 
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by purified protein Sypro Orange assay (Figure 3.3.B). This transition provided evidence 

that the proteinase K assay could be used to evaluate the stabilities of LysCP2 mutants in 

the display context (Figure 3.4.C; details follow). 

 

Figure 3.4. Proteinase K degradation of yeast-displayed LysCP2 with different thermal 
stresses. (A) Proteinase K preferentially cleaves unfolded displayed proteins. The fraction 
of protein cleaved is analyzed by dual-color flow cytometry labeling the N-terminal HA and 
C-terminal c-myc epitopes. (B, C) Clonal LysCP2 (B) or the full-length mutagenic library 
(C) was displayed, incubated in proteinase K at the indicated temperature (None: without 
proteinase K), and evaluated by flow cytometry. Note: None condition for (C) was 
assessed on an instrument different than accompanying thermal conditions; its signals 
have been linearly scaled so that the mode of the distribution is 1.0. The clonal sample 
exhibits unimodal distribution whereas the library is bimodal with a population that exhibits 
proteolytic cutting even at 30 °C. Note the difference in temperatures between B and C. 

In addition to the goal of engineering enhanced stability in LysCP2, the capacity of 

co-evolutionary statistical models to aid in this process was assessed. In particular, a 

second-order Potts model was selected as the generative model of interest. The 

parameters of this model, inferred from thousands of homologous sequences (Table 6), 

decompose a protein sequence into a set of site-wise (hi) and pairwise (Ji,j) contributions 

which sum to give a statistical fitness (E(σ)).   

Equation 2 

𝐸(𝜎) =∑ℎ𝑖(𝜎𝑖)

𝑖

+∑∑𝐽𝑖,𝑗(𝜎𝑖, 𝜎𝑗)

𝑗>𝑖𝑖
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Given the importance of lysin folding to its function, it was hypothesized that the 

statistical fitness of lysins would correlate with their stabilities, as has been observed for 

other protein families127. 

Table 6. Generative model characteristics. 
    

Number of 
Sequences 

Model Sequence Set Positions Coupling 
Regularization 

Total Effectivea 

Firm_L1 Firmicutes 197 L1 10174 3607 

Firm_L2 Firmicutes 197 L2 10174 3607 

GH25_L1 Glycoside 
hydrolase 25 

169 L1 25738 5523 

GH25_L2 Glycoside 
hydrolase 25 

169 L2 25738 5523 

a. Effective number of sequences is the sum of weights of sequences where the weight 
for each sequence is the inverse of the number of sequences with percent identity greater 
than 80%, including the sequence of interest. 

 

The theoretical relevance of the model chosen can be derived from random energy 

machines127, with the energy of a state (sequence) being equal to its statistical fitness and 

the distribution of protein sequences following a Boltzmann distribution.  

Equation 3 

𝑃(𝜎) =
𝑒𝐸(𝜎)

𝑍
 

The model parameters were inferred – via maximization of a pseudolikelihood 

approximation of the intractable partition coefficient Z and previously described 

regularization coefficients128 – from a multiple sequence alignment generated with 

homologous sequences of the catalytic domain of LysCP2. These sequences were 

identified with an iterative homology search in JackHmmer129 using the catalytic domain 

of LysCP2 as the seed sequence and homologous sequences restricted to those 
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annotated from the Firmicute phylum in the UniprotKB database130. Homology was 

restricted to this selection because there has been evidence that some lysin catalytic 

domains maintain similar specificity as their full-molecule counterparts131–133, implying that 

some amount of specificity can be encoded for in the catalytic domain alone. These data 

provided the observations for inference of a Potts model using PLMC128 and L1 

regularization. With the fitness model in place, combinatorial libraries were designed to 

both identify stabilized LysCP2 variants and evaluate the efficacy of the generative model. 

Each library diversified six contiguous residues restricted to sites without significant 

evolutionary couplings to the primarily connected catalytic residues (designated PLMC). 

Residues were determined to be evolutionarily coupled if their coupling scores128 were 

greater than 0.2 (Figure 3.11.A). Residues that were connected to putative catalytic 

residues (Y66, D98, E100, Y156, Q174)125 were defined to belong to the catalytic network. 

Thus these, and any sites evolutionarily coupled to these sites, were excluded from library 

diversification as we aimed to study mutations primarily impacting stability. The design 

algorithm (Materials and Methods) selects amino acid degeneracy assuming additive 

benefits only from site-wise mutations, prioritizing inclusion of the highest-performing 

variants and, when possible, selecting degenerate codons that avoid lowest-performing 

mutations. From this collection of possible libraries, ten were selected (as detailed in 

Section 3.7.1 and Figure 3.11). The designed diversity of the final libraries, and 

comparisons with the experimentally observed library diversity, are presented in Figure 

3.12. At the positions of all designed libraries (Figure 3.5), a second library was also tested 

with full degeneracy (NNK codons). The use of designed and random libraries assesses 

the utility of the generative model and samples of a broad range of statistical fitnesses. 
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Figure 3.5. Fraction of stable variants observed across all libraries for different library 
design strategies. (Vertical) Each library number is followed by the indices of the first 
residue number and the identity of the six wild-type residues. Error bars presented are 
95% confidence intervals computed with Clopper-Pearson interval. 

Genes were synthesized via polymerase-chain reaction with degenerate 

oligonucleotides (for full procedure see Methods) and transferred into a yeast surface 

display system as fusions to the C-terminus of Aga2p with a PAS40-(Gly4Ser)3 linker134. 

1.2 million yeast transformants were obtained. A collection of variants with full-length gene 

products was isolated by sorting 200 thousand yeast displaying C-terminal c-myc epitope 

signal. The collection of mutant libraries was then subjected to protease stability 

screening. A substantial fraction of the population exhibits reduced stability as evidenced 

by protease susceptibility at low temperature (30 °C; Figure 3.4.C). The bimodality of this 

population is not observed in the absence of protease treatment, providing evidence that 
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even at low thermal stress many of the displayed mutants are unstable. Additional variants 

exhibit protease susceptibility in the mid-30s °C. Yet, similar to wild-type, a substantial 

fraction of the mutagenic library of LysCP2 does not display a transition until more elevated 

thermal treatment. Notably, very few variants exhibit stability superior to wild-type. 

LysCP2 variant genes from stable and unstable populations at 30 °C (isolated by 

flow cytometry of yeast with high or low, respectively, c-myc/HA signals) were extracted 

and analyzed via Illumina MiSeq sequencing. This process generated 1.5 million 

sequences for analysis. Following preprocessing to remove noise and sequences that did 

not match library designs, sequences were classified as stable or unstable if at least five 

more sequence counts were observed in either the stable or unstable populations. This 

cutoff served to remove sequences with intermediate stability as well as those that were 

noisy observations due to erroneous sequencing. Increasing this threshold progressively 

removes sequences while improving performance as assessed by AUC, until too many 

sequences are removed, which degrades model quality (Figure 3.13). As a result, 9,749 

multi-mutants were classified as stable or unstable, and summary statistics computed for 

each (Figure 3.5, Table 8). For 8 of 10 libraries, the designed library yielded a greater 

proportion of stable variants than the library of randomized sequences (Figure 3.5). The 

stable fractions of the remaining designed libraries, 8 and 10, were not statistically different 

from their random counterparts. Given the nature of the classification, these summary 

statistics do not directly represent the magnitude of stabilities of variants within the 

libraries. 
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3.3.3 High-throughput analysis of variant stabilities 

Using the extensive set of stable and unstable sequences observed from the 

assay, model predictive performance was evaluated for different homolog datasets and 

regularization methods. Potts models inferred using PLMC on homologous sequences 

were used to compute the difference in statistical fitness relative to wild-type LysCP2 (Δ 

statistical fitness).  

In addition to these homology-driven methods, a first-order Potts model was 

inferred using logistic regression using the collection of stable and unstable sequences 

from the yeast display stability assay. A logistic regression was selected as it is analytically 

equivalent to two-state thermal equilibrium and experiences less bias than for naïve 

Bayes135. To assess this experimental model’s predictive capability on sequences outside 

of its training set, 90% of sequences were used to train the model, and the stabilities of 

the remaining 10% were predicted. This process was then restarted and repeated to 

predict the stability of all sequences (10-fold cross-validation). Further, bootstrap 

regression enabled error estimation for each library to elucidate mutations with statistically 

significant effect. 

The predictive performance of each model was computed as the area under the 

curve (AUC) from a receiver operating characteristic (ROC) curve with weighting applied 

to equalize classes (stable and unstable) as well as library representation, so that each 

library had equal representation regardless of the number of sequences (Figure 3.6). All 

models were substantially superior to random. The weakest performance (AUC = 0.78) 

was observed for the model derived from the firmicute homologs with L1 regularization. 

Notably, a model that merely considered the Hamming distance between mutant and wild-

type yielded an equivalent AUC. Expansion of the homolog sequences to the entire 
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glycoside hydrolase 25 family, maintaining L1 regularization, elevated the AUC to 0.83. 

The use of L2 regularization further improved performance to 0.85 for both homolog sets. 

The logistic regression from experimental data achieves the highest performance of any 

strategy (AUC = 0.95). 

 

Figure 3.6. Performance of homology and experimentally driven models to predict stability 
of LysCP2 variants with up to six mutations. Receiver operating characteristic for: 
Hamming distance to LysCP2 (blue), or with generative models Firm_L1 (black-solid), 
Firm_L2 (black-dashed), GH25_L1 (red-solid), GH25_L2 (red-dashed), or with cross-
validated experimental model (green). 

There is a positive and significant correlation between site-wise Δ statistical fitness 

computed with the GH25_L2 model and the experimental logistic model across all mutated 

positions (Figure 3.7.A-C, slope 95% confidence interval: 0.085 ± 0.019 Δ stability score / 

Δ statistical fitness). The non-unity of the slope is not unexpected given that these values 

have not been transformed into common units. Under the conditions of the assay, a variant 

remaining 50% uncleaved would see that rise to 60% after the addition of a beneficial 

mutation with Δ statistical fitness of +5.0. 
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Figure 3.7. Connection between statistical fitness and stability. (A) Δ Statistical fitness 
values of all possible single mutations (rows), relative to wild-type residues (dotted 
squares), across each library position (columns). (B) Δ Stability score derived separately 
for each library at indicated positions for indicated single-mutants. (C) Δ Statistical fitness 
vs Δ Stability score exhibits significant correlation. Red lines show best fit as well as upper 
and lower bounds of 95% confidence interval (slope = 0.085 ± 0.019) with constant 
intercept. (D) The fraction of mutants that are stable at indicated levels of Δ statistical 
fitness with median (solid), 95% confidence interval (dashed), and a fitted two-state model 
(dotted). 

When approximating the stable fraction of sampled protein variants as a function 

of Δ statistical fitness, a transition can be seen (Figure 3.7.D). The close agreement 
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between the estimation and a fitted two-state model is consistent with models whereby 

the fitness penalty is proportional to the unfolded fraction of molecules of a protein.127 

Designed sub-libraries exhibit a more equal representation of both stable and 

unstable sequences, in contrast to the completely random library (Figure 3.5). These sub-

libraries were regressed the same as the larger libraries (cross-validated AUC between 

0.9 and 0.97 for all sub-libraries) and stability scores computed and compared with 

statistical fitnesses (Figure 3.8.A). Focusing on this subset of sequences, libraries 1, 2, 7, 

8, and 10 exhibit strong correlation between Δ stability score and Δ statistical fitness. Of 

these libraries: 1, 2, 7, and 10 are predicted to have dominant alpha-helical character; 8 

is predicted to be buried and have low secondary structure. Of the non-correlated libraries: 

6 and 9 are on opposite edges of the catalytic domain, and are possibly close to the 

peptide cross-bridges of the peptidoglycan125; 3 and 4 are on the upper face of the catalytic 

pocket (Figure 3.8.B). 



67 
 

 

Figure 3.8. Structural insights provide context of where co-evolutionary models are most 
predictive. (A) Full-sequence Δ statistical fitness and Δ stability score of mutants belonging 
to libraries designed with Algorithm 1. The homology-model positions are highlighted in 
red (B). 

Examining further, library 6 can be seen to contain two parallel sub-populations 

(Figure 3.8.A). These two sub-populations are distinguished by a highly inaccurate 

prediction at position 26. The designed sub-library allows only two mutations, wild-type L 

and mutant V. Though L26V is highly beneficial by statistical fitness, it is highly detrimental 

by stability score (Figure 3.7.A and B) thereby creating the bimodality. Library 5 displays 

two populations which are independently uncorrelated, however together are positively 

correlated. This appears to be due to C130, which is the only position with strong 

correlation. 
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These observations imply that statistical fitness offers the highest confidence in 

predicting stability changes of the catalytic domain of LysCP2 when considering positions 

with high secondary structure, low solvent accessible surface area, or are more distal from 

the active site.  

3.3.4 A site-wise model of stability identified stabilizing mutants that maintain 

activity against C. perfringens cell walls 

To estimate the error of model parameters, the coefficients for the experimental 

model were inferred across 1000 bootstraps to approximate a 90% confidence interval for 

each parameter. Using this information, mutations with significantly beneficial stability over 

wild-type were identified (Figure 3.9). From this collection: N54R was selected instead of 

N54K to preserve possible hydrogen bonding; Y107R and Y107G were selected as 

representatives of the two most beneficial sets of mutations at positions 107 (positive and 

small, respectively); G43E was not predicted to be significantly different than wild-type, 

however, it was added due to its similarity to G43D and G43N for comparison; N112D, 

A127I, and C130V are the only beneficial mutations at their respective positions. These 

were combined into a collection of 5 design sequences incorporating between 5 and 6 

mutations (Figure 3.10.A and B). 
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Figure 3.9. Bootstrap error estimates of residue stability scores. One thousand bootstraps 
drawn from library sequences were used to estimate site-wise stability score contributions 
for wild-type (red) and mutant (black) amino acids. Error-bars are 90th-percentile 
confidence intervals. Closed black circles indicate those mutants for which both the mean 
and error were zero, indicating insufficient information for parameter estimation. 

The designs were produced in E. coli and evaluated for thermal stability and 

activity. Of the designs, 4 of the 5 display higher thermal stability than wild-type with 

improvements by up to 4 °C as assessed by Sypro Orange thermal denaturation assay 

(Figure 3.10.C). All tested designs degrade crude cell wall preps of C. perfringens ATCC 

12916 at 37°C in PBS (Figure 3.10.D). The combination of stability and activity was tested 

by treating C. perfringens cell walls with 200 nM lysin after incubation at elevated 

temperature (42 °C) for 30 minutes. Variants D1, D3, and D5 exhibit 4- to 5-fold greater 

activity than wild-type following thermal treatment, which only retains 20% activity relative 

to unheated lysin (Figure 3.10.E). D2 is nominally more active than wild-type whereas D4 

loses all activity despite thermal stability similar to wild-type. 
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Figure 3.10. Site-wise model of stability used to identify potentially stabilizing mutants 
yields improved thermal stability while maintaining activity against Clostridium perfringens 
cell walls. (A) Residues of LysCP2 identified for mutagenesis to improve stability. (B) 
Composition of different tested constructs. (C) Melting temperature (Tm) for each construct 
as determined via Sypro Orange thermal denaturation assay. n = 11 (D,E) Normalized or 
residual activity of constructs at 200 nM on crude purifications of Clostridium perfringens 
strain ATCC 12916 cell walls after 30 minutes at 4 °C (D), or 42 °C (E), respectively. n = 
3. For C-E, error-bars are standard errors, statistical tests are two-sided unequal variance 
t-tests with Bonferroni correction, ** is p < 0.01, and * is p < 0.05. 

3.4 Discussion 

Generative models have been shown to predict protein fitness changes 128. Yet, it 

is still being studied how statistical fitness, however accurate, can be interpreted to 

engineer physical properties, such as stability, especially in the context of multiple 

mutations. A protein’s contribution to organism fitness is a nonlinear function of many 
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attributes including, for example, stability, solubility, and activity. In some cases, these 

attributes are the result of different spatially-connected regions of a protein.136 Many 

proteins are only marginally stable at physiological conditions and destabilizing mutations 

therefore incur a fitness cost on the organism due to decreased effective concentration as 

well as increased aggregation and protein degradation stresses. Focusing mutations in 

regions of LysCP2 that were evolutionarily decoupled from the catalytic residues enabled 

the study of mutations primarily affecting folding properties including stability. The results 

shown here for the glycoside hydrolase 25 catalytic domain of a phage lytic enzyme 

isolated from Clostridium perfringens find that a second-order Potts co-evolutionary model 

is predictive in its classification of variants at these positions as stable or unstable. The 

near-wild-type activity of all designs (Figure 3.10.D) is consistent with the hypothesis that 

the selected positions were removed from catalytic activity thereby improving critique of 

the co-evolutionary model to infer stability changes. 

Though libraries designed using a homology model did not display a high 

proportion of stabilizing effects in comparison with wild-type (Figure 3.3), it was desired to 

infer potentially stabilizing mutations from the data and combine those to generate an 

improved molecule. A site-wise global model was fit over the experimental data of each 

library and obtained high performance in predicting mutational outcome on assay stability 

(cross-validated ROC AUC = 0.95). Comparing predicted single-mutant statistical finesses 

of the homology model to stability scores of the experimental model demonstrated a 

correlation across all mutations. When examining each sub-library separately (Figure 3.8), 

five libraries (sites 54-59, 83-88, 90-95, 118-123, and 133-138) exhibit strong linear 

correlation between statistical fitness and stability score.  
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The disagreements of four libraries could come from several possibilities (while a 

fifth library’s discordance is explained by a single strongly inaccurate prediction (L26V)). 

These possible inconsistencies arise from systematic biases in the experimental setup or 

in assumptions made between the connection of statistical fitness and stability. First, the 

assay itself is a measure of protease stability in the context of yeast surface display and 

may not be as strongly correlated with soluble form stability as assumed. Second, it is 

possible that the cell wall binding domain improves overall stability of the molecule, 

thereby decreasing the fitness burden of a less stable catalytic domain. Indeed, for 

LysCP2, when produced in isolation the catalytic domain has significantly reduced stability 

than the full form. Third, the in vivo function of phage lysins requires that they pass through 

holins to degrade the cell wall at the end of the lytic cycle. This process may be optimal 

for particular surface-displayed residues at the expense of other properties such as 

stability. Nonetheless, the highly correlated results of some libraries implies that selecting 

positions that have high secondary structure, are buried, or are distal from the catalytic 

pocket or possible substrate interactions can improve the predictive performance of 

statistical fitness. 

Not all designs predicted to be more stable by the experimentally derived model 

were. The Y107G substitution was predicted to be nearly as stabilizing as Y107R, however 

it resulted in a significant decrease in both melting temperature as well as kinetic stability 

(Figure 3.10.C and E). This could potentially be due to biases of proteinase K’s cutting 

activity which could result in Y107G being more resistant to protease degradation on 

average across the mutations presented in that sub-library. In another example, though 

less pronounced, these types of biases may also be seen in comparisons of G43D and 

G43E. The experimentally derived model predicted G43E to be less stabilizing than G43D, 
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whereas in the pure form those results appear to be reversed. Protease biases can be 

mitigated by performing this stability assay with multiple proteases, as seen in the work of 

Rocklin et al.126  

Though relatively small, the improvements to stability seen in the final designs 

which maintain wild-type activity levels support the use of co-evolutionary models to 

augment library design in the pursuit of stabilizing mutations to lysins. Within the context 

of methods presented here, experimental outcomes could be further improved in multiple 

ways: (1) Increased sampling under a wider range of environmental conditions could 

reduce noise and enable pairwise parameter estimation from experimental data; (2) 

Creation of second-generation libraries from these experimental results would enable 

direct evaluation of stabilities of many more designs (i.e. the current results were 

accomplished with a single iteration of evolution); (3) Selection of library positions based 

on structural arguments without requirement of continuity in primary sequence. Beyond 

these, co-evolutionary models could be used to augment existing stabilizing techniques, 

such as iterative-saturation-mutagenesis. 

The designed libraries were limited to a maximum possible genetic diversity of 

16,000 to demonstrate the capacity of a designed restrained library to outperform a 

random library at those same positions (the maximum diversity of the random libraries at 

each set of positions is approximately 1 billion members). The first arm of the study was 

meant to provide a large number of multi-mutant observations to assess the utility of the 

generative protein model, and though it could be expanded, the roughly 10,000 variants 

whose stabilities could be categorized by the assay was sufficient to explore this question. 

This work also presented support for the translatability of the protease stability assay, with 

thermal shifts, on the surface of yeast to a particular lysin. Moving beyond the work 
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presented here, future studies attempting to stabilize lysin catalytic domains will benefit 

greatly by using co-evolutionary models to augment the design of libraries larger than 

those presented here (at many more positions) and be scalable to use the full capacity of 

fluorescent activated cell sorting and yeast display. Of particular note, given the principles 

applied here, one could choose to titrate the temperature used to assay these libraries 

and utilize multiple rounds of sorting in order to enrich directly for the rare multi-mutants 

which provide large benefits in stability.  

3.5 Materials and Methods 

3.5.1 Bacterial and yeast culture 

Escherichia coli were grown in lysogeny broth (LB) in liquid, or solid with 1.5% 

agar, supplemented with either 100 µg/mL ampicillin or 50 µg/mL kanamycin when noted. 

All cultures were grown at 37 °C, with liquid cultures shaken at 250 rpm, unless otherwise 

noted. 

Clostridium perfringens strains (generously provided by Dr. Swift in the Donovan 

Lab at the US Department of Agriculture) were grown on solid BHI (37 g/L brain heart 

infusion, 1.5% agar), or liquid BYC (BHI with 5 g/L yeast extract and 0.5 g/L L-cysteine). 

Solid culture plates were prepared fresh for each use and incubated overnight 

anaerobically using the AnaeroGen Compact system (ThermoFisher). Liquid cultures 

were sealed immediately after autoclaving to reduce dissolved gases. After equilibration 

to 37 °C, liquid culture was inoculated with fresh bacterial colonies. 

Saccharomyces cerevisiae strain EBY100 was grown non-selectively in liquid YPD 

(10 g/L yeast extract, 20 g/L bacto peptone, and 20 g/L D-glucose) or solid with 1.5% agar. 

For selective growth, yeast were grown in SD-CAA (16.8 g/L sodium citrate dihydrate, 3.9 
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g/L citric acid, 20 g/L D-glucose, 6.7 g/L yeast nitrogen base, 5 g/L casamino acids). For 

induction, yeast was grown in SG-CAA (10.2 g/L Na2HPO4*7H2O, 8.6 g/L NaH2PO4*H2O, 

19 g/L D-galactose, 1 g/L D-glucose, 6.7 g/L yeast nitrogen base, 5 g/L casamino acids). 

All growth was at 30 °C, 250 rpm where applicable for liquid culture.  

3.5.2 Generation of LysCP2 expression plasmid 

The pET-24 expression plasmid, previously modified to incorporate an C-terminal 

six-histidine tag (pETh) 39, was digested with NdeI and BamHI-HF (New England Biolabs) 

and isolated by gel electrophoresis. Digested plasmid was then assembled via Gibson 

assembly (HiFi, New England Biolabs) with the codon-optimized gBlock (Integrated DNA 

Technologies) for LysCP2 (WP_003469445), transformed into MC1061 F- E. coli. 

(Lucigen), plated on solid LB supplemented with 50 µg/mL kanamycin, and sequence 

verified. 

3.5.3 Protein production and purification 

Assembled plasmids were transformed into NEB T7 Express LysY/Iq (New 

England Biolabs), plated on solid LB with 50 µg/mL kanamycin, and grown overnight at 

37 °C. Fresh colonies were then used to inoculate 3 mL LB with 50 µg/mL kanamycin, and 

grown at 37 °C, 250 rpm overnight. Culture was then diluted into 100 mL LB, grown to an 

optical density at 600 nm (OD600) between 0.5 and 0.8, and induced with isopropyl β-D-

1-thiogalactopyranoside (IPTG) to a final concentration of 0.5 mM. Culture was then 

induced for 3 hours, chilled, and pelleted at 6000xg at 4 °C in 3 minute increments until all 

culture pelleted. Cell pellets were then resuspended in 0.6 mL of lysis buffer (137 mM 

NaCl, 2.7 mM KCl, 8 mM Na2HPO4, and 2mM K2PO4 (PBS), 5% glycerol, 3.1 g/L CHAPS, 

1.7 g/L imidazole). Suspension was then freeze-thawed four times at -80 °C. 
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To each sample, 0.6 mL of wash buffer (20 mM imidazole in 1x PBS) was then 

added and mixed by inversion several times. Suspension was then spun at 17,000xg for 

10 minutes at 4 °C. Following centrifugation, the insoluble fraction was removed by 

pipetting, and the soluble fraction was sterilized through a 0.22 µm syringe filter (GE 

Healthcare). Purification was performed with 0.2 mL HisPur Co-NTA spin columns 

according to manufacturer instructions (Thermo Fisher). Proteins were then desalted into 

PBS with Zeba desalting columns following manufacturer instructions (Thermo Fisher). 

Protein purity was assessed by SDS-PAGE (sodium dodecyl sulfate 

polyacrylamide, NuPAGE Bis-Tris 4-12%) gel and ranged from 70%-88% for full-length 

lysins and 91% for catalytic only domain (Figure 3.14).  

3.5.4 Sypro Orange thermal denaturation assay 

Purified proteins were diluted in PBS to stock concentration of 5 µM, and 45 µL 

was aliquoted into optically clear PCR tubes. Stock solution of Sypro Orange (Thermo 

Fisher) was diluted to 200x in PBS, 5 µL of which was added to each tube and gently 

mixed. Samples were then loaded into a CFX Connect Real-Time PCR Detection System, 

and temperature was ramped from 25 °C to 98 °C in 0.5 °C increment, with 30 s each step 

to allow for equilibrium. Sypro Orange signal was monitored via the FRET channel (450-

490 nm excitation with 560-580 nm emission). The temperature derivative of these data 

were determined by smoothing with local second-degree polynomials with window width 

of 2.5 °C through the use of a Savitzky-Golay filter (sklearn). The Tm of a sample is 

determined as the temperature with maximum derivative. 



78 
 

3.5.5 Clostridium perfringens cell wall extraction and crude purification 

C. perfringens was cultured as described to mid-exponential phase in liquid. Liquid 

culture was then cooled on wet ice for 15 minutes, transferred to sterile 50 mL conicals, 

and centrifuged at 6000xg and 4 °C for 5 minutes. Cell pellet was then resuspended in 1 

mL 50 mM Tris-HCl and added drop-wise to 20 mL boiling 5% SDS. Cells were then boiled 

for 15 minutes, cooled to room temperature, and centrifuged at 10,000xg for 10 minutes. 

Pellet was then washed twice with 1 mL 1 M NaCl, then 7 times with 1 mL deionized water, 

and then 2 times with 1 mL PBS, all washes pelleted at 17,000xg for 10 minutes. Crude 

cell walls were then stored at 4°C in PBS until use. 

 

3.5.6 Cell wall degradation assay 

Crude cell wall extract was diluted in PBS to OD600 = 1.0. In wells of a 384-well 

plate, 40 µL crude cell wall was added to 10 µL 1 µM test proteins or buffer. OD600 was 

then monitored via a spectrophotometer at 37 °C, collecting data at 2 minute increments. 

Activity was calculated as the slope of the linear region of OD600 vs. time. For thermal 

inactivation assays, proteins were first incubated at 42 °C for 30 minutes followed by 

cooling on wet ice before use in assay as described above. 

3.5.7 Homology-guided generative model of LysCP2 

The statistical fitness of lysin variants was predicted using a Potts model: 

Equation 2 

𝐸(𝜎) =∑ℎ𝑖(𝜎𝑖)

𝑖

+∑∑𝐽𝑖,𝑗(𝜎𝑖, 𝜎𝑗)

𝑗>𝑖𝑖

 

Equation 3 
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𝑃(𝜎) =
𝑒𝐸(𝜎)

𝑍
 

where E(σ), the statistical fitness of a sequence σ, is the sum of site-wise 

compositional contributions, hi, and pairwise contributions, Ji,j. The probability of observing 

a sequence in a dataset given a set of random energy machines sampling space, P(σ), is 

a Boltzmann distribution. The parameters of this model can be inferred in a number of 

different ways, each approximating the intractable partition coefficient, Z. Inference was 

performed using PLMC (https://github.com/debbiemarkslab/plmc) with recommended 

regularization coefficients as described previously.128 Those parameters were a 

neighborhood cutoff of 80% identity for each sequence, sitewise regularization coefficient 

of λh=0.01, and pairwise regularization coefficients of λJ=39.2 and λJ=33.6 for the Firmicute 

and Glycoside Hydrolase 25 family models, respectively. 

Sequence datasets were gathered from two sources: 

(1) The catalytic domain of LysCP2 was used as the seed sequence for an iterative 

JackHmmer search129. The UniprotKB database130 was used with taxonomic restriction 

set to Firmicutes. Five iterations were performed with hit threshold set to an E-value of 

1.0x10-20. Sequences were then aligned with PROMALS3D137 with default settings.(2) The 

Pfam138 family alignment of the catalytic domain of LysCP2 (glycoside hydrolase 25, 

PF01183), utilizing the NCBI database source. 

3.5.8 Design of libraries using statistical fitness 

The algorithm for library design according to statistical fitness (fully detailed in the 

Supplement) adds library diversity up to a fixed limit based upon single-mutation Δ 

statistical fitness information from parental sequence. The user identifies: (1) maximum 

library size Lmax based on experimental synthesis and screening limits; (2) residues to be 
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mutated {ri}; (3) the parental sequence σ; (4) a scoring function to compute the fitness of 

a given sequence f(σ); and (5) a codon table c. The script then sets the initial diversity of 

each codon to null and expands the library iteratively.  

The fitness fij of all single-mutation substitutions at each ri is computed and sorted 

in descending order. Moving progressively through the list, each mutation is proposed as 

an addition to the growing library. Given the collection of mutations already desired at that 

position, the set of degenerate codons which include all previously accepted mutations as 

well as the proposed additional mutation is generated. From this collection of degenerate 

codons, one is selected which maximizes the minimum fij while maintaining the smallest 

combinatorial genetic size. If the inclusion of this degenerate codon maintains the library 

size below Lmax, then it replaces the current degenerate codon at that residue location. 

The algorithm then progresses with the next-best proposed mutation until Lmax is reached. 

3.5.9 Design of mutant libraries 

The set of evolutionary coupling scores of LysCP2’s catalytic domain, computed 

using the Potts parameters inferred from the Firmicute dataset using L1 regularization, was 

computed as discussed previously139. The set of residues that were statistically coupled 

to the catalytic triad, as well as the residues connected to that set, were removed from the 

list of residues. For all primary sequence contiguous sets of residues of length six, the 

algorithm for library design as outlined above was performed with maximum rational library 

sizes of 16,000. Two metrics were calculated for each designed library: the maximum 

single mutation score and the 90th-percentile statistical fitness score as determined by 

random sampling from the library. A set of ten non-overlapping libraries were selected to 
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maximize point-mutant scores with 90th-percentile scores used for tiebreaking 

(Supplement Figure 1 and Algorithm 2). 

3.5.10 Generation of yeast surface display plasmid for LysCP2 and mutants 

Sequence-verified LysCP2 was amplified from the pETh plasmid using primers 

LYS001 and LYS005 (for all indicated oligonucleotides see Table 7), it was then 

assembled with pCT40 plasmid134 previously digested and isolated with NheI-HF and 

BamHI-HF (New England Biolabs), and transformed into MC1061 F- E. coli (Lucigen) and 

plated on solid LB supplemented with 100 µg/mL ampicillin. The resulting construct 

encodes for Aga2p—linker with HA epitope—LysCP2—Myc epitope. 
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Table 7. List of oligonucleotides. 

PrimerID Sequence 

Lib.all.FW
D 

GTGGGGGCGGATCTGCTAGCATGCAGAGTAGAAGCGACAG 

Lib.all.RE
V 

ATAAGCTTTTGTTCGGATCCAATTCTTTCCAAGTATTTGG 

Lib.1.PLM
C 

GGGGCTGAGGTGTGCATTTACNNSDRCDCAWMCWHCGCACGAAA
TGTTTTAGATTCACGA 

Lib.2.PLM
C 

CCTTGTTTTGAGGAAAATTACRRSRVSGCAVNWKMAGCAGGGATGA
AAGTAGGCGTGTAC 

Lib.3.PLM
C 

ATCGATATCAGCAATTGGCAARRSRRCATARACKDDRRSCAGTTAAA
AGAGCGAGGCTAC 

Lib.4.PLM
C 

ATAAAAATCACAGAGGGGAAGDVCTWCVNAGACYCANNSTTTGAGG
AAAATTACAACAAG 

Lib.5.PLM
C 

GCCGAAGAATTAGAGCGTTTANNCGGAVNRGAAGTANBSATTTACT
GCAATACGAATTAT 

Lib.6.PLM
C 

CAAAAAGGCATTAACTTGAACNVASTAAAANMSNNSGGATACGATGT
ATGTTATATAAAA 

Lib.7.PLM
C 

ATAGAGCAAGCCAACAACATCGYAVVSRYGWTAVRSRRCAAACATA
TCGACTGCAAGATT 

Lib.8.PLM
C 

GTACGAACGTTGGGAAACAAAVNWNNWGACTKWAAAMYAGCCATA
GACGTAGAGCAGACC 

Lib.9.PLM
C 

CAGACCGACGGCCTTTCTNNSRVSGAAWTAAVCVASAGCGTACTTC
AACTTGCCGAA 

Lib.10.PL
MC 

AATAATAGCGTACTTCAACTTDYRVRSGAASTAVAAVVSTTAATAGG
GGCTGAGGTGTGC 

Lib.1.NNK 
GGGGCTGAGGTGTGCATTTACNNKNNKNNKNNKNNKNNKCGAAAT
GTTTTAGATTCACGA 

Lib.2.NNK 
CCTTGTTTTGAGGAAAATTACNNKNNKNNKNNKNNKNNKGGGATGA
AAGTAGGCGTGTAC 

Lib.3.NNK 
ATCGATATCAGCAATTGGCAANNKNNKNNKNNKNNKNNKCAGTTAA
AAGAGCGAGGCTAC 

Lib.4.NNK 
ATAAAAATCACAGAGGGGAAGNNKNNKNNKNNKNNKNNKTTTGAGG
AAAATTACAACAAG 

Lib.5.NNK 
GCCGAAGAATTAGAGCGTTTANNKNNKNNKNNKNNKNNKATTTACT
GCAATACGAATTAT 

Lib.6.NNK 
CAAAAAGGCATTAACTTGAACNNKNNKNNKNNKNNKNNKTACGATG
TATGTTATATAAAA 

Lib.7.NNK 
ATAGAGCAAGCCAACAACATCNNKNNKNNKNNKNNKNNKAAACATA
TCGACTGCAAGATT 

Lib.8.NNK 
GTACGAACGTTGGGAAACAAANNKNNKNNKNNKNNKNNKGCCATAG
ACGTAGAGCAGACC 

Lib.9.NNK 
CAGACCGACGGCCTTTCTNNKNNKNNKNNKNNKNNKAGCGTACTTC
AACTTGCCGAA 
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Lib.10.NN
K 

AATAATAGCGTACTTCAACTTNNKNNKNNKNNKNNKNNKTTAATAGG
GGCTGAGGTGTGC 

Ni5N501 
AATGATACGGCGACCACCGAGATCTACACTAGATCGCTCGTCGGCA
GCGTC 

Ni5N502 
AATGATACGGCGACCACCGAGATCTACACCTCTCTATTCGTCGGCA
GCGTC 

Ni7N701 
CAAGCAGAAGACGGCATACGAGATTCGCCTTAGTCTCGTGGGCTC
GG 

Ni7N702 
CAAGCAGAAGACGGCATACGAGATCTAGTACGGTCTCGTGGGCTC
GG 

SetFWD_
N 

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGNGGGATCGATATC
AGCAATTGGC 

SetFWD_
NN 

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGNNGGGATCGATAT
CAGCAATTGGC 

SetFWD_
NNN 

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGNNNGGGATCGAT
ATCAGCAATTGGC 

SetREV_N 
GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGNCCCAATCGTGA
ATCTAAAACATT 

SetREV_N
N 

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGNNCCCAATCGT
GAATCTAAAACATT 

SetREV_N
NN 

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGNNNCCCAATCGT
GAATCTAAAACATT 

 

Multi-mutant libraries of LysCP2 were generated in two steps: (1) the generation 

of the mutagenic region with the downstream sequence; (2) the use of those fragments 

as megaprimers to complete the gene by appending the upstream sequence. First, 

pCT40:LysCP2 was amplified with library-specific mutagenic forward primers, Lib.#.PLMC 

and Lib.#.NNK for each, with a universal reverse primer Lib.all.REV via polymerase chain 

reaction with Q5 Polymerase (New England Biolabs), each in separate reactions. These 

fragments were then isolated by gel electrophoresis and amplified in the same manner but 

with a new universal forward primer Lib.all.FWD and the pCT40:LysCP2 plasmid in a two-

cycle reaction. This product for all libraries was then mixed and transformed with 

pCT40:LysCP2 vector that had been linearized with NheI-HF and BamHI-HF as outlined 

in Woldring et al38. 
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3.5.11 Stability assay via yeast surface display 

Yeast transformed with pCT40 plasmids were induced by first growing to an 

OD600 of ~1.0 in SD-CAA. Cells were then pelleted for 1 minute at 6000xg and 

resuspended in SG-CAA and induced overnight at 20 °C, 250 rpm. The following day, 

yeast were washed twice with PBSA (PBS with 0.1% bovine serum albumin). Cell density 

was determined by dilution and measurement at OD600. 10 million cells were diluted into 

200 µL PBSA per sample. Proteinase K (New England Biolabs) was diluted in PBSA to a 

concentration of 2.0x10-4 U/µL. The tubes of dilute proteinase K and yeast were separately 

incubated at 30-45 °C for 5 minutes. Then 200 µL proteinase K dilution was added to each 

yeast sample, mixed briefly by pipetting, and incubated for 10 minutes. 600 µL of ice-cold 

PBSA was then added, and samples were placed on ice. All future steps were performed 

on ice or at 4 °C in centrifuges. 

Yeast were washed twice with 500 µL PBSA, labeled with 5 µg/mL anti-c-myc 

(clone 9e10, BioLegend, 626802) and 1 µg/mL anti-HA (chicken anti-HA, Abcam, ab9111) 

for 1 hour, washed twice with 500 µL PBSA, labeled with 2 µg/mL goat anti-mouse Alexa 

Fluor 647 (Thermo Fisher Scientific, A-21235) and 2 µg/mL goat anti-chicken Alexa Fluor 

488 (Thermo Fisher Scientific, A-11039) for 30 minutes. Yeast were then washed twice in 

500 µL PBSA and resuspended in 300 µL PBSA for sorting (fluorescent activated cell 

sorting, FACS) using a FACSAria II (Becton Dickinson Bioscience). Two sorting gates, 

gathering HA positive cells with high and low ratios of HA to c-myc signal, were used. 

3.5.12 High-throughput sequencing and preprocessing 

Following FACS, yeast populations were outgrown in SD-CAA overnight. The 

following day, to isolate plasmids for sequencing, approximately 10 million cells were 
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centrifuged and resuspended in 200 µL of Solution 1 (0.13 g/100 mL NaH2PO4*H2O, 1.09 

g/100 mL Na2HPO4*7H2O, 1 M sorbitol, 10 mM 2-mercaptoethanol), to which 10 µL of 

Longlife Zymolase (G-Biosciences) was then added, after which the mixture was 

incubated at 37 °C for 60 minutes. Following incubation, plasmid DNA was purified with 

GenCatch (Epoch Life Science) according to manufacturer instructions, substituting 200 

µL of MX2 and 400 µL of MX3. Samples for Illumina sequencing were prepared by 

amplification with Ni5N501-502, Ni7N701-702, SetFWD_[N,NN,NNN], and 

SetREV_[N,NN,NNN] via Q5 PCR (New England Biolabs), and appropriate product 

isolated via gel electrophoresis. DNA populations were mixed to a final concentration of 5 

ng/µL with relative proportions of each population matching the relative proportions of 

yeast collected in each. Sequencing using version 3 chemistry on an Illumina MiSeq 

generated 1.5 million reads. 

Sequences were processed to remove those with more than one expected error 

using USearch v11140(https://drive5.com/usearch/manual/whatsnewv11.html). Nucleotide 

sequences were then compared with wild-type LysCP2 and all library designs. Unique 

nucleotide sequences with greater than 3 reads were assigned to libraries with zero 

tolerance for mutations outside of degenerate regions. Singletons and doublets with at 

most one deviation outside degenerate regions were also assigned to most probable origin 

libraries. 

Nucleotide sequences were then translated and counts pooled based on amino 

acid sequence, hereafter sequence. A sequence was then designated as stable or 

unstable if it occurred in predominantly the stable or unstable pool, respectively. 
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3.5.13 Site-wise logistic modeling of yeast-displayed protein stability and stability 

score 

Similar to the homology model presented previously, E, now considered a stability 

score, can be modeled using a first-order Potts model (Ji,j = 0). To infer the parameters of 

the model, logistic regression can be implemented over the dataset with model form: 

Equation 4 

𝑃(𝑠𝑡𝑎𝑏𝑙𝑒|𝜎) =
1

1 + 𝑒−𝐸(𝜎)
 

This model was regressed on the data using the sklearn package in Python 

(https://scikit-learn.org/stable/). Due to overfitting concerns, L2 regularization with λ = 10. 

This value was chosen as it had maximum cross-validated accuracy while maintaining 

linear correlation between original-dataset parameter inference and means of those 

inferred from bootstrapped resampling (Figure 3.15). This bootstrapped error enabled the 

design of mutants which combined those features (parameters) that were consistently 

beneficial across the different bootstrap samplings. 

The stability score of a sequence is defined as E(σ) using parameters inferred from 

the library’s stability observations. The predictive performance of this experimentally-

derived model was assessed via 10-fold cross-validation. To simulate predicting unseen 

observations from experimental data, the set of unique observations for each library was 

subdivided randomly into 10 folds with equal size. For each fold the prediction accuracy 

was assessed via a model regressed on the collection of observations in the other 9 folds. 

3.5.14 Design of multi-mutant designs 

First, the set of mutations for each library whose stability score contributions were 

significantly greater than wild-type (Figure 3.9) was identified. Within this set – sites 112, 
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127, and 130 – each had a single significant beneficial mutational choice: N112D, A127I, 

and C130V. Where multiple choices were possible selection was done to explore 

interesting options or preserve characteristics of the wild-type residue. N54R was selected 

instead of N54K to preserve possible hydrogen bonding. Though G43E was not predicted 

to be significantly different than wild-type it was selected due to its similarity to G43D and 

G43N. Y107 had multiple options, of those Y107R and Y107G were selected as 

representatives of the two most beneficial sets of mutations (positive and small, 

respectively). 

Genes encoding the catalytic domains of designs containing a subset of 

combinations of these selected mutations were synthesized (Twist Bioscience), and 

assembled (HiFi, New England Biolabs) with the cell-wall binding domain of LysCP2 in the 

pETh vector. 

3.5.15 Data availability 

Sequences of mutant constructs as generated by Illumina sequencing are 

available as a repository on Zenodo (https://doi.org/10.5281/zenodo.2600306). Code 

required to reproduce analysis is available upon request. 
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3.7 Supporting Information 

 

Figure 3.11.Selection of non-catalytic residues and designed library fitnesses. (A) 
Coupling scores can be classified as a mixture of a skewed normal distribution (left) 
representing noisy couplings with an extended tail representing significant couplings. (B) 
Statistical fitness of libraries designed following Algorithm 1 in 6-residue windows. 
Libraries were designed with a maximum diversity of 16,000. For each library, displayed 
are the maximum single-mutation score (red) and summaries of random sampling from 
designed libraries including the mean ± standard deviation (black) as well as the 90th-
percentile (blue). 

3.7.1 Supplemental Algorithm 1. Designed library sub-selection 

1. Provide: a set of designed libraries with their maximum single-mutation statistical 

fitness and their 90th-percentile statistical fitness from random sampling. 

2. Repeat the following until no possible libraries remain: 
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3. Select the set of libraries with maximum single-mutation statistical fitnesses 

4. If the size of set (a) is greater than one: 

a. Select from set (a) the library with the maximum 90th-percentile statistical 

fitness 

5. Add the selected library to list of final libraries 

6. Remove all libraries with residues that overlap with the selected library 
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Figure 3.12. Diversity at each position of the 10 designed libraries. (A) The wild-type (dot) 
and designed diversity (grey) are indicated for each library. Amino acids are listed as rows, 
with positions listed as columns. (B) The designed and experimentally observed library 
diversities for each library.  
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Figure 3.13. Performance of logistic regression as assessed by AUC at different levels of 
sequence score cutoff. (A) Area-under-curve of a receiver operating characteristic for 
different libraries given different levels of sequence score cutoff. (B) Number of sequences 
for each library after applying sequence score cutoff. 
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Figure 3.14. Purity assessment of lysin proteins by SDS-PAGE gel. (A) Full-length lysin 
constructs. Expected molecular weight of LysCP2: 41.1 kDa. (B) Isolated catalytic domain 
of LysCP2, expected molecular weight: 24.2 kDa.  
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Figure 3.15. Selection of regularization coefficient. (A) λ = 0.1 shows high variance due to 
overfitting of bootstrap samples and produces poorly correlated agreement between full-
dataset and bootstrap samples. (B) λ = 10.0 shows reduced variance and maintains strong 
correlation. 

 

Table 8. Stable and unstable sequences above thresholds across the collection of 
libraries. 

 
Positions NNK PLMC 

Library Start End Unstable Stable Unstable Stable 

1 133 138 109 1 873 95 

2 54 59 160 1 588 334 

3 19 24 626 1 1120 35 

4 43 48 390 4 865 327 

5 125 130 86 11 279 264 

6 25 30 646 4 523 406 

7 83 88 61 3 303 226 

8 90 95 26 1 220 54 

9 107 112 246 14 126 458 

10 118 123 35 3 184 41 
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Chapter 4 Computationally-aided discovery of LysEFm5 variants with 

improved catalytic activity and stability 

 

Tsvetelina H. Baryakova, Seth C. Ritter, and Benjamin J. Hackel 

The work contained in this chapter, including computational analysis, experimental design 

and implementation, data interpretation, and composition of text was conducted by T.H.B, 

an undergraduate student working under the mentorship of S.C.R. and B.J.H., and S.C.R. 

In particular, S.C.R. was responsible for generation of the initial idea for the target and 

proposal to focus on secondary residues for optimization; assembly of sequences and 

generation of PLMC-fitted models; analysis of NGS data; sequencing, production, 

purification, and testing of isolated variants. The chapter content has been submitted for 

publication. 

 

4.1 Synopsis 

Bacteriophage-derived lysin proteins are potentially effective antimicrobials that 

would benefit from engineered improvements to their bioavailability and specific activity. 

Here, the catalytic domain of LysEFm5, a lysin with activity against vancomycin-resistant 

Enterococcus faecium (VRE), was subjected to site-saturation mutagenesis at positions 

whose selection was guided by sequence and structural information from homologous 

proteins. A second-order Potts model with parameters inferred from large sets of 

homologous sequence information was used to predict the average change in the 

statistical fitness for mutant libraries with diversity at pairs of sites within the secondary 

catalytic shell. Guided by the statistical fitness, nine double mutant saturation libraries 

were created and plated on agar containing autoclaved VRE to quickly identify and 

segregate catalytically active (halo-forming) and inactive (non-halo-forming) variants. 

High-throughput DNA sequencing of 873 unique variants showed that the statistical fitness 

was predictive of the retention or loss of catalytic activity (AUC = 0.840 – 0.894), with the 
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inclusion of more diverse sequences in the starting multiple sequence alignment improving 

the classification accuracy when pairwise amino acid couplings (epistasis) were 

considered. Of eight random halo-forming variants selected for more sensitive testing, one 

showed a 2.1 ± 0.2 – fold improvement in specific activity and an 11.5 ± 0.8 °C increase 

in melting temperature as compared to the wild-type. Our results demonstrate that a 

computationally-informed approach employing homologous protein information coupled 

with a mid-throughput screening assay allows for the expedited discovery of lysin variants 

with improved properties. 

4.2 Introduction 

4.2.1 Antimicrobial lysin proteins 

The misuse of antibiotics is a growing problem in the twenty-first century141. In 

addition to the development of antibacterial resistance and subsequent loss of treatment 

efficacy, the use of broad-spectrum antibiotics can reduce the diversity of a patient’s 

commensal flora142. This reduction in diversity has been correlated with the onset of 

multiple health issues, including several inflammatory and autoimmune diseases143. The 

development of alternative antimicrobial strategies that offer improved specificity could 

help mitigate both of these issues. 

Native bacteriophage-derived lysin proteins are released during the last stage of 

the virus’s lytic cycle to degrade the cell wall of the Gram-positive bacteria host144. These 

antimicrobial proteins have the potential to be used as effective alternatives that 

ameliorate many of the negative side effects of conventional antibiotics. The mechanism 

of action of lysins generally involves the cleavage of an essential and highly-conserved 

peptidoglycan bond in the bacterial cell wall; as such, the development of resistance to 
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these antimicrobial proteins is expected to occur less easily105,145–147. Additionally, many 

lysins are specific, enabling them to kill pathogens without exhibiting significant activity 

against commensal bacteria species148,149. However, engineering lysins to have more 

desirable properties that contribute to improvements in functional bioavailability, such as 

higher rates of catalytic activity, heightened solubility, or increased thermal stability, is 

almost always necessary before a sufficient therapeutic response in the infected host can 

be achieved105,150. Improvements to catalytic activity in particular can reduce the 

necessary concentration, both in formulation and physiologically, thus decreasing the 

required solubility. 

Lysins generally possess both a catalytic domain and cell wall-binding domain 

(CWBD) connected together via a flexible linker100. Catalytic domains can be categorized 

into five groups depending on their substrate: N-acetyl-β-D-muramidases (lysozymes), 

lytic transglycosylases, N-acetyl-β-D-glucosaminidases, N-acetylmuramoyl-L-alanine 

amidases, and endopeptidases147. N-acetylmuramoyl-L-alanine amidases hydrolyze the 

amide bond between N-acetylmuramic acid, a constituent in the repeating disaccharide of 

the glycan chain in the cell wall of Gram-positive bacteria, and L-alanine, the first amino 

acid residue of the stem peptide responsible for cross-linking neighboring glycan chains151. 

The structure of each major type of catalytic domain is well-conserved between lysins 

derived from different phage species152, as is generally observed for functional sites in 

enzymes153. The CWBD of a lysin, in contrast, is responsible for co-localizing the catalytic 

domain with its substrate and usually possesses specific affinity for a particular species or 

subgroup of bacteria105. The two domains, although connected, are often thought of as 

capable of carrying out mechanistically distinct functions. This has allowed for the creation 

of chimeric lysins with altered activity and specificity via domain swapping154,155.  
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LysEFm5 is a lysin with an N-acetylmuramoyl-L-alanine amidase as its catalytic 

domain. LysEFm5 was previously isolated and described as having killing activity against 

vancomycin-resistant Enterococcus faecium (VRE)156. E. faecium (EF) is found in the 

gastrointestinal tract of healthy individuals but can pose a serious threat if spread to the 

bloodstream, urinary tract, or wound of an immunocompromised patient, most often from 

a nosocomial infection. Vancomycin is typically only used as a “last resort” to treat 

infections of Gram-positive bacteria that are unresponsive to other antibiotics. As such, 

vancomycin resistance in patient-derived EF isolates has been correlated with poor patient 

outcome and even death157–159. 

LysEFm5 was shown to have a broader antibacterial range than IME-EFm5, its 

parent phage. LysEFm5 was able to lyse 19 out of 23 strains of EF, 7 of them VRE (as 

compared to 1 out of 23 strains of EF lysed by IME-EFm5) but possessed no apparent 

killing activity against the other Gram-positive or Gram-negative bacteria tested. The 

homology-based structure of the catalytic domain of LysEFm5 has also been reported156. 

E90 and T138 have been identified as putative catalytic residues and H27, H132, and 

C140 as putative zinc-coordinating residues. These two sets of residues are generally 

well-conserved in the ligand-binding groove of zinc-dependent peptidoglycan 

hydrolases160,161.   

LysEFm5 was chosen for further study based on the clinical relevance of its target, 

availability of homology-based structural information, and specificity towards EF (in 

contrast to other broadly-active, anti-EF lysins162).  

Nine site-saturation mutagenic libraries were created to study the effectiveness of 

using structure and sequence information to direct lysin engineering efforts. To determine 

which residue positions in LysEFm5 to diversify, it was desired to find sites in the catalytic 
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domain that were not critical for the catalytic activity of the protein but played a role in 

stabilizing other key, functional residues. In addition to identifying these residues using the 

crystal structure of a close homolog to LysEFm5, the choice of positions used in double 

mutant libraries was refined further using a computationally-informed approach. The 

overall methodology is given in Figure 4.1. 

 

Figure 4.1. Research methodology. (1) LysEFm5 catalytic domain is used in an iterative 
homology search. (2) Resulting homologous sequences are subject to length cut-offs. (3-
4) A structure-based MSA is created for each for each group of sequences. PLMC is used 
to infer site-dependent and pairwise coupling parameters and create a generative model 
for predicting the change in statistical fitness, ∆E, of mutants. (5) Residues in the putative 
secondary interaction shell of LysEFm5 are identified using the ligand-binding crystal 
structure of a homologous protein. (6) A matrix of predicted double mutation outcomes is 
created using PLMC. This is used to guide position selection for combinatorial library 
design. (7) Halo-forming and non-halo-forming variants from each library are observed, 
binned, and deep-sequenced. (8) The experimental retention of function is compared to 
the predicted statistical fitness for mutants. 
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4.2.2 Homolog-guided library design 

Homologous protein sequences contain information about the structural and 

functional constraints imposed on a protein over the course of its evolution, which can be 

of value when directing engineering efforts152,163,164. The natural sequence record is 

assumed to contain mutations that allow for the retention of a protein’s biological function. 

Sequences of protein homologs are often highly variable despite marked similarities in 

their structure and function. This suggests that the site-specific, or independent, trends in 

amino acid conservation alone may be insufficient to model sequence constraints 

experienced by proteins over evolutionary time165. Recently, statistical methods that 

consider the interactions between pairs of residues in an attempt to capture the nature of 

non-independent, or epistatic, mutations have emerged128,165–168. Models such as these 

that take epistatic interactions into account have been shown to more accurately predict 

the effects of mutations on a protein’s function as compared to independent models that 

neglect pair couplings128,169.  

It has been shown that if the mutation of a protein is assumed to be a reversible 

Markov process, the resulting maximum-entropy ensemble that represents the distribution 

of natural sequences at equilibrium (functionally, long evolutionary times from the shared 

ancestral protein) obeys a Boltzmann distribution127. Thus, the probability P(σ) of 

observing any full-length amino acid sequence, σ, in the system can be computed. 

Equation 3 

𝑃(𝜎) =
𝑒𝐸(𝜎)

𝑍
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It is further assumed that the energy function E(σ) in Eq. 1 takes the form of a 

second-order Potts model with parameters that are fitted to reproduce the empirically-

observed sitewise and pairwise statistics in the multiple sequence alignment (MSA)170.  

Equation 2 

𝐸(𝜎) =∑ℎ𝑖(𝜎𝑖)

𝑖

+∑∑𝐽𝑖,𝑗(𝜎𝑖, 𝜎𝑗)

𝑗>𝑖𝑖

 

Where E(σ) is the statistical fitness, hi are the site-dependent constraints, and Ji,j 

are the pairwise coupling constraints at positions i and j in the full-length amino acid 

sequence, σ. 

The exact calculation of the parameters in the Potts model requires determination 

of the partition function, Z, in the Boltzmann distribution equation - a sum over all possible 

20L protein sequences. The pseudolikelihood maximization inference method can be 

used to simplify this generally intractable calculation, requiring instead the calculation of L 

individual sums over 20 amino acids165. A Potts model with parameters inferred using 

pseudolikelihood maximization has been shown to accurately identify strongly-coupled 

pairs of amino acids, making pseudolikelihood maximization a useful inference method 

that is less computationally intensive than alternative, more precise methods165,166,170,171. 

Although not linked to any one molecular phenotype, the statistical fitness is more 

likely to correlate with a phenotype directly related to an organism’s survival that would be 

selected for throughout its evolutionary history128. In this manner, the effect of mutation(s) 

on a protein can be predicted by calculating ΔE = E(σmutant) - E(σwild-type), in so far as 

predicting whether the mutation(s) increase (ΔE > 0) or decrease (ΔE < 0) the probability 

of observing the new sequence in the protein family described originally by the MSA. 
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The framework of this methodology has been previously developed and released 

as an open-source code by the Marks lab at Harvard under the name pseudolikelihood 

maximization coupling inference (PLMC)128. PLMC was used to build a predictive model 

of mutational outcomes in the LysEFm5 catalytic domain and direct the selection of amino 

acid sites for site-saturation mutagenesis. 

4.3 Results 

4.3.1 Statistically-guided design and construction of a mutant lysin library 

Only the catalytic domain of LysEFm5 was chosen for alteration; the CWBD was 

not edited in order to maintain the desired specificity of the protein. Within the catalytic 

domain of LysEFm5, a network of residues interact with the peptidoglycan substrate to 

hydrolyze the amide bond between N-acetylmuramic acid and L-alanine at the first 

position of the stem peptide. Within this network, there are residues that directly interact 

with the substrate (primary shell) and residues which position and stabilize primary 

residues without directly interacting with the substrate (secondary shell). We hypothesized 

that mutating these so-called secondary residues could optimize the catalytic performance 

of the enzyme, as has been seen before in other enzymes172, and possibly improve 

antimicrobial activity.    

The catalytic domain of the major pneumococcal autolysin LytA, initially evaluated 

due to the availability of the solved crystal structure of the domain bound to a synthetic 

peptidoglycan ligand173, was identified as a homolog of the catalytic domain of LysEFm5 

via sequence alignment (with a sequence similarity of 0.23). SWISS-Model provided a 

QMEAN score of -7.58, sequence identity of 8.33, and coverage of 1.00 when the catalytic 

domain of LytA (PDB code: 5CTV) was used as a template to model the first 180 amino 
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acids in the catalytic domain of LysEFm5. Thirteen primary residues and ten putative 

secondary residues were identified in the structure of the LytA amidase (Figure 4.2.A, B). 

Eleven structurally-analogous secondary residues (N32, S33, T34, A35, E38, T40, M45, 

N47, A74, I87, and V91) were selected as candidates for mutation (Figure 4.2.C). One 

primary residue (N83) that occupied the same space in the structural homolog model of 

the LysEFm5 molecule as in the aligned structure of the LytA molecule was also included 

for comparison.   

 

Figure 4.2. Primary and secondary amino acids in LytA and their putative structural 
analogs in LysEFm5. Molecules are aligned using the align command in PyMOL. (A) 
Surface representation of the LytA molecule, showing primary residues (yellow) interacting 
with the synthetic peptidoglycan ligand (red). (B) Putative secondary residues (green) that 
interact with primary residues. (C) Structural analogs of the eleven secondary residues 
and single primary residue in LysEFm5. (The ligand was superimposed following the 
structural alignment of LytA and LysEFm5 in PyMOL, and is not part of the reported 
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structure of LysEFm5.) (D) Map of the location of the relevant putative secondary and 
primary residues in the amino acid sequences of LytA and LysEFm5. Note that although 
the hydroxyl group, -OH, of E38 in LytA was predicted to bind to the O in the CH2OH group 
of N-acetylmuramic acid in the peptidoglycan ligand, the analog E38 in LysEFm5 was still 
selected as a secondary residue (most primary residues were found to bind the ligand 
twice or more). 

A computational model of sitewise and pairwise interactions, based on the 

sequence alignment of homologous sequences, was used to determine which pairs of 

sites to simultaneously mutate in the experimental libraries. To identify homologs to the 

LysEFm5 amidase domain sequence, a search of the UniProtKB protein database was 

performed via JackHmmer129. Sequence searches were constrained to three levels of 

evolutionary depth by restricting the acceptable taxonomy of the host organism to all 

organisms (no restrictions), bacteria only, or firmicutes only. Sequences that were either 

extremely short or long were excluded from further consideration by applying either a lax 

or stringent cut-off criterion for outlier detection (Materials and Methods). This generated 

a total of six sets of starting homologous sequences (Table 9). Each set was independently 

input into PROMALS3D, an alignment tool that incorporates both sequence and structure 

information137, to create an MSA. 

Table 9. Predictive performance of the statistical fitness when different groups of 
homologous sequences are used in the starting MSA. 
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Alllax-29k          141 – 199 29,498 6,352 0.894 0.807 

Allstringent-23k              155 – 186 23,176 4,809 0.856 0.857 

Alllax-3k     3,037 1,420 ± 

33 

0.815 ± 

0.013 

0.744 ± 

0.026 
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Bacterialax-27k          137 – 200 26,950 5,565 0.868 0.888 

Bacteriastringent-23k              149 – 188 23,194 4,595 0.851 0.871 

Bacterialax-3k     3,037 1,309 ± 

39 

0.839 ± 

0.006 

0.782 ± 

0.013 

Firmicuteslax-3k                    133 – 201 3,037 940 0.852 0.795 

Firmicutesstringent-2k           163 – 192 2,007 600 0.840 0.830 

Firmicutes+Alllax-3k 3,037 1,344 ± 

34 

0.856 ± 

0.005 

0.818 ± 

0.014 

Firmicutes+Bacterialax-3k 3,037 1,317 ± 

30 

0.851 ± 

0.004 

0.814 ± 

0.014 

Firmicutes+Non-Bacterialax-2k 5,585  0.865 0.799 
aThe acceptable amino acid lengths across the six initial groupings.  

bThe effective number is the sum of the inverse of the neighborhood size of each 
sequence, where the neighborhood is defined as the number of sequences within 80% 
identity. 

cResults are presented as mean values for twenty sub-samplings from the parent group(s) 

PLMC was then used to infer the parameters of a second-order Potts model for 

each MSA. Without knowledge a priori regarding the effect of the sequence diversity in 

the starting MSA on prediction accuracy, it was hypothesized that the most constrained 

and least diverse set of data would enable the most accurate prediction of activity. Thus, 

the MSA containing the least diverse set of sequences (Firmicutesstringent-2k) was used to 

predict the change in statistical fitness, ΔE, as compared to the wild-type (WT) for all 

possible double mutants across the twelve sites of interest (Figure 4.3). Simultaneous 

mutation of S33 and T40 yielded the highest ΔE values; as such, these sites were 

randomized in Library 1. To evaluate the predictive performance of the statistical fitness 

parameter, seven additional combinations of positions were selected with a range of 

average ΔE values upon mutation, from the highest value of - 4 ± 2 observed for Library 

1 to the lowest value of -12 ± 3 observed for Library 8. (Figure 4.3, Figure 4.4). Library 8 

contained the putative primary residue, N83. 
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Figure 4.3. The predicted changes in statistical fitness for double mutants. The change in 
statistical fitness compared to the WT, ΔE, for all double mutants with diversity at positions 
32, 33, 34, 35, 38, 40, 45, 47, 74, 83, 87, and/or 91 was computed using PLMC with inputs 
from MSA group Firmicutesstringent-2k (Table 9). (A) The eight libraries chosen for creation 
are boxed. (B) A closer look at the predicted ΔE values for Library 1 (the library with the 
highest average ΔE value, -4 ± 2) and 8 (the library with the lowest average ΔE value, -
12 ± 3). The dotted squares represent WT residues. 
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Figure 4.4. Location of residues in each library (L) relative to superimposed ligand in red 

One additional library was designed with amino acid diversity constrained based 

on the predicted statistical fitness. A matrix of the predicted ΔE values from PLMC for 

single mutants occurring at each of the twelve sites was discretized and input into SwiftLib, 

an algorithm that specifies a degenerate codon library to yield the desired amino acids at 

several positions based on a user-defined array of integers describing a favoring or 

disfavoring of all amino acids (here, based on ΔE)174. The resulting optimal library (Library 

9) diversified the same two positions as Library 1127,174, but also included the single 

mutation I87L. This mutation had a positive predicted ΔE value (+0.21) and was thus 
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highly favored; only three positive ΔE values were observed across the single mutants in 

general, the other two of which occurred at site 40 (T40N and T40D).  

To generate the libraries, gene fragments of the WT were amplified via PCR with 

mutation-encoding primers. Overlapping fragments were combined via Gibson assembly 

to yield a collection of plasmids encoding the entire LysEFm5 gene with two randomized 

codons at the desired sites for each library175. Upon assembly, clones from each library 

were transformed into high efficiency electrocompetent cells. Sequencing of random 

colonies confirmed that the libraries encoded the entire LysEFm5 gene with diversity at 

the expected sites. 

4.3.2 VRE halo assay to screen LysEFm5 variants for catalytic activity 

Recombinant plasmids encoding LysEFm5 mutants were transformed into 

Escherichia coli for protein expression, and individual clones were assayed for their ability 

to digest autoclaved vancomycin-resistant Enterococcus faecium 8-E9 (VRE) by plating 

the transformed E. coli on top of agar plates containing autoclaved VRE and isopropyl β-

D-1-thiogalactopyranoside (IPTG) used to induce lysin expression. The plating density 

was such that the majority of individual colonies were easily distinguishable and separate 

from their neighbors. Upon incubation, colonies expressing an active lysin variant formed 

a visible halo due to degradation of the surrounding VRE leading to a localized decrease 

in optical density (Figure 4.5). Halo formation did not occur when E. coli transformed with 

a plasmid encoding a phage lysin with specific activity against Clostridium perfringens176 

were plated in an identical manner (Figure 4.15). This observation supports the hypothesis 

that autoclaving the VRE prior to use did not increase its susceptibility to native lysozymes 

produced by E. coli, or to the activity of a lysin with an alternative specificity. The size of 



108 
 

the observed halo is the result of a number of physical properties of the expressed lysins 

including stability, expression and degradation rates, per-molecule activity, diffusivity, 

etc.177. Therefore, this format does not result in an equal amount of protein produced and 

subsequently released from each colony, and halo size cannot be directly correlated to 

specific activity. This assay was instead used in a binary sense to designate a variant as 

either halo-forming or non-halo-forming, with halo-forming variants assumed to be a 

subset of all active variants. Assays similar to the one described here have been 

previously used to screen expression libraries and identify endolysin-producing clones178, 

as well as to confirm the production in E. coli of two phage-derived lysins with broad activity 

against multiple strains of E. faecium and E. faecalis179. Though these previous studies 

chemically permeabilized the E. coli to release expressed proteins, the method presented 

herein relied on only the intrinsic leakage of the host. The mechanism of this release is 

not known but hypothesized to be the result of cell lysis upon death or increased 

permeabilization as a result of the overexpression of lysY. 

 

Figure 4.5. Halo formation over time. Libraries were plated on top of LB + kan/VRE/IPTG 
plates. (A) At approximately 16 – 18 hr following incubation at 37°C, discernable halos 
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appeared around catalytically active variants (green arrows) and not around catalytically 
inactive variants (red arrows). (B) At longer times (> 18 hr), the halo radii continued to 
grow. 

Three parallel runs were performed for each library, in which each of approximately 

375 colonies were classified as halo-forming or non-halo-forming. This resulted in a total 

of six bins, corresponding to replicate number and halo-formation designation, per library. 

DNA isolated from these six bins was sequenced using Illumina MiSeq. Sequences with 

less than 100 reads were deemed to be erroneous and excluded. Protein sequences 

translated from the remaining DNA reads were excluded if present in only a single replicate 

or if they lacked a majority of either halo-forming or non-halo-forming designations. 

Applying the latter constraint reduced the number of usable data points from 1,731 unique 

sequences to 873, while greatly improving the classification accuracy of the statistical 

fitness associated with this method (Figure 4.18).  

4.3.3 Secondary site restriction allows for focused library design resulting in a 

high retention of catalytic activity 

Sequencing results showed a rate of activity of between 84 – 100% per library for 

all classified variants in Libraries 1-7 and 9 (Table 10). There is no general trend in the 

experimental retention of catalytic activity and the average statistical fitness of these 

libraries (Figure 4.6). However, Library 8, which had the lowest predicted statistical fitness 

and diversity at positions N83 and A74, demonstrated a low activity retention of 30%. N83 

in LysEFm5, the only primary residue considered in this analysis, is structurally-analogous 

to N79 in LytA. N79 is a ligand-binding residue that is highly conserved across multiple 

prokaryotic and eukaryotic-derived peptidoglycan recognition proteins (PGRPs), both with 

and without amidase activity173. In AmiE (the amidase domain of the major autolysin of 
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Staphylococcus epidermidis) and in human PGRP-Iα, this conserved asparagine residue 

was shown to hydrogen bond with the carbonyl groups in the second and third amino acids 

in the peptide stem of MurNAc-L-Ala-D-isoGln-L-Lys, a peptidoglycan analog161,180. A74, 

in contrast, is not predicted to be a primary residue from direct structural comparison, but 

the average changes in statistical fitness associated with independently mutating A74 and 

N83 were similar (ΔE = -6 ± 2 for both, compared to ΔE = -3 ± 2 on average for the other 

ten residues). Even if not directly bound to the ligand and/or playing a pivotal role in 

stabilizing the transitional state between substrate and product, A74 may stabilize one or 

more neighboring primary residue(s) in an essential way. The low rate of activity retention 

observed for Library 8 provides evidence that the statistical fitness parameter was able to 

predict highly detrimental mutations at a key, conserved site critical for the function of the 

protein. 

Table 10. The number of active and inactive classified mutants in each library. 

  Double mutants All 

Library 
No. 

Diversified 
Positions 

Active     
(% of total) 

Inactive Active     
(% of total ) 

Inactive 

1 33, 40 184 (94%) 11 211 (95%) 11 

2 40, 47 83 (98%) 2 114 (98%) 2 

3 45, 87 53 (82%) 12 67 (84%) 13 

4 32, 38 96 (96%) 4 109 (96%) 4 

5 33, 45 92 (100%) 0 114 
(100%) 

0 

6 47, 91 24 (100%) 0 45 (98%) 1 

7 34, 35 18 (90%) 2 36 (95%) 2 

8 74, 83 12 (21%) 46 22 (30%) 51 

9 33, 40, 87b 74a (96%) 3 313 (95%) 15 
aTriple mutants. 

bSpecific mutation I87L, not implementation of a randomized codon, at this site. 
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Figure 4.6. Active fraction of variants in library as a function of average ΔE. The difference 
between the statistical fitness of each variant (using MSA group Firmicutesstringent-2k) and 
the WT, ΔE, is plotted against the active fraction of classified mutants in a library. The 
central square is the median ΔE value and the left and right-most vertical lines represent 
the 25th (Q1) and 75th (Q3) percentile. Whiskers extend to the most extreme points not 
considered outliers; outliers are defined as values less than Q1 – WM(Q3 – Q1) or greater 
than Q3 + WM(Q3 – Q1) where WM is the maximum whisker length. 

The rate of activity retention for Library 9 (with constrained diversity at sites 33 and 

40 and the mutation I87L) and Library 1 (with full diversity at sites 33 and 40) were nearly 

identical at 95%. Further analysis revealed that there were 73 triple mutants present in 

Library 9 with analogous sequences in Library 1 (sequences with the same diversity at 

sites 33 and 40, but with the WT residue at site 87). Of these, 73/73 were active in Library 

1 (100%) compared to 72/73 in Library 9 (99%). Taken together, these results highlight 

the flexibility in amino acid identity of the residue at site 87, from the WT I to L.  
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A similar post-facto analysis was performed for all remaining libraries by comparing 

the active fraction of classified double mutant sequences to the active fraction of 

sequences in a hypothetical constrained library (built using a discretized matrix of 

predicted independent mutation outcomes at each of the two library-specific sites) (Table 

11). For libraries 6, 7, and 8, SwiftLib predictions were so constrained that none of the 

allowable sequences were among those that were experimentally observed. Among the 

remaining five libraries, only the constrained subset of Library 3 showed any substantial 

improvement in activity retention (from 82% to 100%). 

Table 11. The active fraction for all double mutants in a library compared to active fraction 
of the subset predicted by SwiftLib. 
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1 33, 40 VNC NNS 252 0.94 0.97 (173) 

2 40, 47 NNS NDC 252 0.98 0.97 (68) 

3 45, 87 RNS NWC 96 0.82 1.00 (17) 

4 32, 38 NNM BRS 190 0.96 0.92 (38) 

5 33, 45 NNS RBG 126 1.00 1.00 (48) 

6 47, 91 NNM GTA 19 1.00 N/A (0) 

7 34, 35 AVC GCA 3 0.90 N/A (0) 

8 74, 83 GCA AAC 1 0.21 N/A (0) 

aN = G, T, A, or C; V = G, T, or A; B = G, T, or C; M = A or C; R = A or G; W = A or T; S = 
G or C; K = G or T. 

Figure 4.7 shows the fraction of halo-forming sequences of all classified single, 

double, and triple mutants based on the identity of the amino acid at a specified position 

(note that the same positions were mutated in multiple libraries). A deeper analysis of 

Library 8, which is the only library that included mutations at sites A74 and N83, revealed 
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that the rate of activity retention of single mutants (67%, 10/15) was higher than that of 

double mutants (21%, 12/58). When the WT residue was retained at A74 and only N83 

was mutated, the active fraction was 78% (7/9); conversely, when the WT residue was 

retained at N83 and only A74 was mutated, the active fraction was 50% (3/6). The 

intolerance to simultaneous mutations occurring at both sites, but moderate tolerance to 

single mutations at either site suggests that the retention of one of these two WT residues 

(or of a close analog with similar polarity and size characteristics) is critical for catalytic 

activity. In general, the polar, uncharged residues serine, cysteine, and glutamine were 

the most well-tolerated at site N83 across all mutants (63% (5/8), 50% (1/2), and 50% 

(2/4), respectively). Mutation to the alanine analog valine was additionally well-tolerated 

at site A74 (100% (4/4)). In contrast, mutation to the positively-charged, hydrophilic 

residues arginine and lysine, or to proline and tryptophan, was not tolerated at either A74 

or N83. Mutation to arginine was also not tolerated at sites A35, I87, or V91 ((0/2), (0/5), 
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and (0/1), respectively).

 

Figure 4.7. Average active fraction for a sequence based on the amino acid at the specified 
position. For each position of interest, the amino acid at that site is related to the active 
fraction of sequences having that particular mutation. The total number of sequences 
considered in the calculation of the active fraction value is given in the top-right corner of 
each cell. Note that this is based on sequence data for single, double, and triple mutants 
across libraries mutating redundant positions, and is therefore not a canonical heat map 
of independent mutation outcomes. 
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4.3.4 Increasing the diversity of protein sequences used in the MSA improves the 

binary classification ability of the statistical fitness property 

The halo-forming or non-halo-forming designation of each sequence was 

compared to the predicted statistical fitness calculated using different sets of sequence 

inputs in the starting MSA and assessed via a receiver operating characteristic (ROC) 

curve. 

All six ROC curves for the initial homology sequence sets yielded area under the 

ROC curve (AUC) values between 0.840 (Firmicutesstringent-2k) and 0.894 (Alllax-29k), 

demonstrating the ability of the statistical fitness to discriminate between active and 

inactive variants (Figure 4.8). Moreover, relaxing the restrictions placed on the protein 

sequences in the starting MSA, in terms of both acceptable sequence length (stringent → 

lax cut-off) and acceptable taxonomy (Firmicutes → Bacteria → All), was shown to 

consistently improve the AUC and thus increase the reliability of the predictive model 

(Figure 4.9.A). This agrees with previous findings by Hopf et al., who found that 

progressively excluding evolutionarily distant sequences led to poorer PLMC predictive 

performance across 34 sets of data, 21 of which involved proteins128. 
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Figure 4.8. ROC curves demonstrating that the statistical fitness is predictive of variant 
activity. The experimentally-observed outcome (retention or ablation of catalytic activity) 
for each qualifying variant was evaluated against the variant’s statistical fitness, calculated 
using one of the six sets of protein sequences in the starting MSA (Table 9). The AUC 
consistently improved when restrictions placed on the protein sequences used in the MSA, 
in terms of both allotted sequence length and taxonomy, were relaxed. The best predictive 
method employed the least constrained MSA containing the most sequence information. 
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Figure 4.9. Effects of varying sequence diversity and depth on the predictive performance 
of the statistical fitness. (A – D) Predictive performance of the statistical fitness when 
different groups of homologous sequences are used in the starting MSA (summarizing key 
results from Table 9, with the average AUC given for designations consisting of twenty 
sub-sampled groups containing 3k sequences, and error bars representing the standard 
error). (A, B) Comparison of different diversity sources including (A) every available 
sequence or (B) only 3,037 sequences within each category. (C) Comparison of 
performance at different sequence depth for Bacteria and All. (D) Comparison of 
performance for 1.5k Firmicute sequences plus 1.5k additional sequences from 
Firmicutes, Bacteria, or All. All data are for the lax length threshold. Black bars result from 
the epistatic model. White bars result from the independent model. 

Including increasingly evolutionarily-distant sequences in the starting MSA also 

increased the number of sequences under consideration. To decouple the individual 
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effects that the evolutionary distance and sequencing depth have on predictive 

performance, the groups Alllax-29k and Bacterialax-27k were randomly sampled twenty times 

each to create subgroups containing the same number of sequences as in Firmicuteslax-3k 

(3,037). All subgroups were independently aligned with PROMALS3D, and PLMC was 

used to generate a Potts model for each. Additionally, epistatic coupling was considered 

in the model as before, or toggled off by omitting pairwise contributions during model 

inference. An AUC value for the ROC curve relating the statistical fitness to the 

experimental results was calculated for each of these subgroups (Table 9). 

When the sequencing depth was fixed, including sequences closest to the WT 

phylogenetically, i.e. less diverse, led to the best predictive performance. This was true of 

both the epistatic and independent models (Figure 4.9.B). Conversely, when the 

acceptable diversity was fixed, including more sequences in the starting MSA improved 

the predictive performance of both models (Figure 4.9.C). 

Notably, 91% of the 2.9 x 104 sequences in the Alllax-29k group are bacteria, and 

89% of these bacterial sequences are non-firmicutes. For the epistatic model, 

supplementing the 3,037 firmicute-only sequences with 2.4 x 104 additional non-firmicute 

bacterial sequences (to yield the group Bacterialax-27k) led to a +0.016 improvement in 

AUC. Supplementing further with only 2,548 non-bacterial sequences (to yield the group 

Alllax-29k) led to a further +0.026 improvement in AUC. The same was not true in the 

independent model: supplementing the group Firmicuteslax-3k to yield Bacterialax-27k 

improved the AUC from 0.795 to 0.888 (+0.093), but further supplementing the group 

Bacterialax-27k to yield Alllax-29k led to a decrease in the AUC from 0.888 to 0.807 (-0.081). 

These results suggest that epistasis must be considered in order for highly diverse 

sequences to be beneficial and improve predictive performance, otherwise, they can have 
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a negative impact if incorporated into the starting MSA. The group Firmicuteslax-3k was 

additionally supplemented with 2,548 non-bacterial sequences and the inclusion of the 

non-firmicute bacterial sequences was circumvented entirely. As compared to the group 

Bacterialax-27k, this improved the AUC slightly, from 0.852 to 0.865 (+0.013) in the epistatic 

case and from 0.795 to 0.799 (+0.004) in the independent case. This suggests that 

divergent sequences outside of bacteria offer predominantly sparse information, and their 

contribution is significant only when pairwise information is considered. 

Thus, although using a small set of sequences that were phylogenetically similar 

to the WT led to a superior predictive performance as compared to using a small set of 

diverse sequences (AUC Fimicuteslax-3k > AUC Bacterialax-3k > AUC Alllax-3k), once the MSA 

was seeded with a collection of close homologs, including more diverse sequences further 

improved the predictive performance of the epistatic model (AUC Alllax-29k > AUC 

Bacterialax-27k). To further evaluate the relative benefits of appending sequences with 

different diversities, a set of 1.5 x 103 firmicute sequences was supplemented with 1.5 x 

103 sequences either subsampled from Alllax-29k (to yield the subgroup Firmicutes+Alllax-3k) 

or Bacterialax-27k (to yield Firmicutes+Bacterialax-3k), once again resulting in a total of 3,037 

sequences per subgroup. The performance of both subgroups was compared to 

Firmicuteslax-3k. For the epistatic model, the predictive performance of each group was 

similar. For the independent model, including more diverse sequences was slightly more 

advantageous as compared to only including more firmicute sequences (Figure 4.9.D). 
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4.3.5 A mid-throughput binary screen, coupled with a computationally-informed 

library design, resulted in the efficient isolation of lysin mutants with 

improved specific activity and/or thermal stability 

Ten variants (Table 12) belonging to libraries 1 – 8 were randomly selected during 

the halo plate assay to more sensitively quantify their specific activity. Nine (variants 1 – 

7, 9, and 10) were halo-forming and one (variant 8) was not. Variant 2 (R17L/T40L) had 

an off-target mutation that was not found in any libraries and was therefore not pursued 

further. When expressed, sufficient amounts of protein were able to be recovered for eight 

of the nine remaining variants, with final purities ranging from 90% – 99% (median: 97%) 

(Figure 4.17). Variant 3 (M45E/I87D, Library 3) was unable to be produced in sufficient 

quantities and was excluded from further testing. Activity for the remaining eight variants 

and the WT was assayed using the turbidity reduction method. 0.1 μg, 0.3 μg, or 0.5 μg 

of each variant was co-incubated with crude VRE cell wall material. The OD600 of each 

sample was monitored over the course of four hours (Figure 4.10). The largest slope over 

a fixed timeframe was calculated for each replicate as a proxy for specific catalytic activity 

(Figure 4.11). Across all starting conditions, the WT exhibited a normalized change in 

OD600 of 0.041 ± 0.003 OD600/min/μg (n = 16). Four of the eight variants (4, 5, 6, and 

10) exhibited activities that were moderately diminished as compared to the WT. Two 

variants (1 and 9) exhibited activity that was statistically indistinguishable from the WT. 

Variant 7 exhibited a markedly improved activity of 0.09 ± 0.01 OD600/min/μg (p < 0.001). 

Lastly, variant 8, which was non-halo-forming, had an activity of 0.003 ± 0.002 

OD600/min/μg (n = 16), which was statistically indistinguishable from the performance of 

the buffer negative control, 0.003 ± 0.003 (n = 24). 
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Figure 4.10. LysEFm5 variant and WT activity against VRE cell wall fragments. (A) 0.1 μg 
(n = 4), (B) 0.3 μg (n = 4) or (C) 0.5 μg (n = 8) of each variant was combined with VRE cell 
wall fragments in 200 μL of PBS (total). OD600 was monitored over time, with data collected 
every two minutes. Every third data point collected is shown here. Error bars are not shown 
for visual clarity; a measure of the uncertainty between replicates is given in Figure 4.11 
as the standard deviations in the slope of the linear regions. 

 

Figure 4.11. Quantified activity for variants, WT, and the buffer negative control. The 
maximum change in OD600 over a 20 minute period (alternatively, 10 minutes for variant 7 
at the 0.3 and 0.5 μg conditions owing to rapid kinetics) was calculated from the turbidity 
assay results (Fig. 10) for each replicate. *p < 0.005 (compared to the WT) for a two-tailed, 
two-sample heteroscedastic Student’s t-test with a Bonferroni correction applied (η = 10). 
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The activity of variant 8 was additionally statistically insignificant from the buffer negative 
control (p > 0.05). 

Additionally, variant 7 (most active), variant 8 (least active), WT, and buffer were 

tested against live 8-E9 VRE in exponential phase to evaluate if the turbidity reduction 

assay, which used purified cell wall material, correlated to the killing of live cells. The 

reduction in OD600 of cultured VRE cells was found to agree well with the results of the 

turbidity reduction assay (Figure 4.12). 

 

Figure 4.12. Bacteriolytic activity of variants 7 and 8, the WT, and buffer against live 8-E9 
VRE. 0.5 µg of lysin was applied to mid-exponential phase Enterococcus faecium 8-E9 
resuspended in PBS. Cell lysis was monitored dynamically via OD600 reduction (left). 
Killing activity was assessed by plating serially diluted cell suspensions after 
approximately 30 minutes (right). Data are presented as mean ± standard error. 

To determine whether the perceived change in catalytic activity of any of the 

variants could be attributed in part to a change in the marginal thermal stability of the WT 

at assay conditions, the stability of variants 4 – 10 and the WT was assessed by Sypro 

Orange thermal denaturation assay (Figure 4.13). Variant 1 was unable to be produced in 

sufficient quantities to use in this assay and was not tested. The melting temperature, Tm, 

of the WT was 43.4 ± 0.5 °C. Variant 4 did not exhibit a signal consistent with unfolding, 
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perhaps resulting from a low Tm or increased disorder in the molecule. Variants 9 and 10 

exhibited Tm that were statistically indistinguishable from the WT. Variants 5, 6, 7, and 8 

exhibited improved Tm at or above 46.5 ± 0.4 °C, with variant 7 exhibiting the highest 

value, 54.9 ± 0.6 °C, an 11.5 ± 0.8 °C improvement over the WT. This variant comprises 

chemically homologous mutations – T34S and A35V – at adjacent sites (Figure 4.4). The 

retention of amino acid characteristics at these two sites may be key to the observed 

improvements in both activity and stability. 

 

Figure 4.13. Lysin thermal stability. The midpoint of thermal denaturation was measured 
for lysin variants 5 – 10 and WT by Sypro Orange Thermal Denaturation assay. *p < 0.001 
for a two-tailed, two-sample heteroscedastic Student’s t-test. 

4.4 Discussion 

Improvements to the specific activity of a lysin allow for a lower required dose to 

achieve the same therapeutic effect, potentially reducing dose-related toxicity and 

mitigating the immune response to lysin-specific antibodies produced upon administration 

of the lysin in vivo181. Improvements in lysin stability allow for more flexibility in the protein 

production process, a longer shelf-life, and a reduction in the tendency to unfold thereby 
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reducing aggregate formation182. Improvements in one or both characteristics can 

contribute to heightened bioavailability in an infected host, which can increase treatment 

efficacy. Of the seven randomly-selected, halo-forming lysin variants that were assayed 

for catalytic activity, three exhibited activity that was indistinguishable from the WT (0.041 

± 0.003 OD600/min/μg) or improved. Five of the six variants assayed for thermal stability 

exhibited a Tm that was indistinguishable from the WT (43.4 ± 0.5 °C) or improved. Variant 

7 in particular demonstrated both a considerably higher catalytic activity of 0.09 ± 0.01 

OD600/min/μg and melting temperature of 54.9 ± 0.6 °C. The improved characteristics of 

this variant suggest that it could be used as a starting point for future LysEFm5 engineering 

efforts.  

The notion that one of the eight randomly selected halo-forming variants tested 

was able to be produced in sufficient quantities and exhibited improvements in catalytic 

activity and stability, and that two others exhibited improvements in stability and retained 

a fraction of the catalytic activity, is a promising result given the limited sampling. 

Extending the study presented herein, additional clones could be sampled for more 

sensitive testing to improve the characterization of the PLMC-informed libraries. This 

extension may reveal variants with physical properties that are further improved in 

comparison with those described here. Ultimately, this platform may be able to expedite 

the discovery process by requiring sensitive testing of a focused set of pre-screened 

variants rather than uninformed libraries orders of magnitude larger in size. 

Of the eight double mutant protein libraries that were studied, Library 8, with 

diversity at the putative primary residue N83 and secondary residue A74, was predicted 

to be the worst-performing library (ΔE = -12 ± 3) and demonstrated the lowest 

experimental rate of activity (30%). The higher rate of activity among single mutants in this 



125 
 

library (67%), as compared to double mutants (21%) suggests that the retention of at least 

one of these two WT residues is necessary for lysin activity. Mutations at either site to the 

positively-charged, hydrophilic residues arginine and lysine, or to the structurally-

disruptive residues proline and tryptophan, resulted in a consistent loss of activity. The 

remaining seven libraries showed high rates of activity retention (84 – 100%), but no 

discernable trend in average statistical fitness. Assuming that the results of the halo assay 

are a monotonic function of the total lysin activity, the relationship between halo-forming 

variants as a function of the statistical fitness is expected to be sigmoidal in nature176. The 

observed similar fractions of active variants for Libraries 1 – 7 suggests that the WT lies 

to the far right of this sigmoid (corresponding to high fitness), such that meaningful 

differences in the fraction of halo-forming variants would only be seen at considerably 

lower statistical fitness values, such as the value observed for Library 8. Alternatively, or 

in addition, it is possible that using structural information in combination with double 

mutant ΔE data to constrain site selection led to the construction of libraries with relatively 

low penalties of mutation, and subsequently high observed rates of activity retention. 

Constraining the diversity of the libraries using the SwiftLib tool, which is used to 

specify codon selection based on a known metric, generally did not substantially impact 

the already high rates of activity retention observed for double mutants in Libraries 1, 2, 

4, or 5 (94 – 100%). The activity retention of Library 3, however, was improved from 82% 

to 100%. Thus, constraint is a useful tool to design combinatorial libraries based on the 

effective accuracy of the statistical fitness parameter (the metric in this case). 

Sequencing results of 873 unique variants across all libraries showed that the 

statistical fitness parameter was predictive of the experimental loss or retention of catalytic 

activity of LysEFm5. Our findings support the previously-observed notion that including a 
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large set of homologous protein sequences in the starting MSA leads to the best predictive 

performance of the Potts model128,183,184. Because MSAs aim to create aligned sites that 

represent related positions in the protein structure, and because all sequences to be used 

are initially restrained by a relatively strict relevance cut-off, including a large number of 

sequences in the MSA does not “dilute” information as only relevant portions of these 

sequences end up being considered – provided that epistatic coupling is taken into 

account. Conversely, if only a relatively small set of sequences (on the order of hundreds 

to a few thousand) will be considered in the starting MSA, or if epistatic coupling is not 

considered, then including diverse sequences may worsen predictive performance.  

For future protein engineering efforts, utilizing a second-order Potts models to 

select beneficial sites for mutation can constitute a useful approach, provided that certain 

criteria are met. The structure of the domain or functional site in the protein of interest 

must be evolutionarily conserved, allowing for investigation into the dominant sequence 

constraints acting on familial sequences, and ideally on the order of tens of thousands of 

homologous protein sequences must be available for use in the starting MSA. As such, 

this approach is especially well-suited to engineer the catalytic domain of members of the 

lysin family with N-acetylmuramidase activity, such as LysEFm5, which are known to have 

distinctly conserved functions and structural features114.  

As the need for alternative or supplemental strategies to treat bacterial infections 

resistant to conventional antibiotics increases, computationally-informed methodologies 

such as this that allow for the expedited discovery of antimicrobial proteins with improved 

properties are of great relevance. 
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4.5 Materials and Methods 

4.5.1 Bacteria used and culture conditions 

Escherichia coli cells were grown in either a liquid culture of lysogeny broth (LB), 

or on a solid LB agar plate containing 1.5 v/v% agar, and supplemented with 50 g/mL 

kanamycin (kan). All cultures were grown at 37 °C with liquid cultures shaken at 250 rpm, 

unless otherwise noted. Enterococcus faecium 8-E9 cells were grown in a liquid culture of 

brain heart infusion (BHI) medium at 37 °C with shaking at 250 rpm. 

4.5.2 Inputs for PLMC 

A search in Jackhmmer was performed to determine significant query matches in 

the UniProtKB database to the WT amidase domain of LysEFm5 (AA 1-185) (Figure 4.2.D) 

with the taxonomy restricted to E. faecium. The consensus sequence of the top three 

results was used as the seed sequence in a subsequent search, with the acceptable 

taxonomy set to either firmicutes only, bacteria only, or all, and the minimum expectation 

value (E-value) set to 1.0 x 10-5. 

A two-component Gaussian mixture model was constructed to describe the 

distribution of sequence lengths in the Bacteria and All groupings (Figure 4.14). Each 

sequence length was assigned a membership score for two component curves, one 

describing the main distribution and the other describing the tail of short, trailing 

sequences, presumably outliers. The lax cut-off retained sequences with a component 1 

(main distribution) membership score ≥ 0.80 and the stringent cut-off required a 

component 1 membership score ≥ 0.95. The same criteria were applied to generate the 

range of acceptable sequence lengths for the Bacteria and All groups; differences 

between the mean and the spread of each data set resulted in different specific bounding 



128 
 

lengths. For the Firmicutes group, there existed a clear outlier length (133 AA), likely due 

to oversampling. Three Gaussian distributions (components 1-3) were fitted such that 

component 3 represented the set of outliers. A new membership score was calculated for 

each sequence by weighing scores from component 1 (main distribution) and component 

3. These weights were selected such that the outlier length was the lower bound for the 

lax cut-off. The ranges of acceptable sequence lengths are summarized in Table 9. 

PROMALS3D137 was used to generate an MSA for each of the resulting sets of 

protein sequences. The PLMC algorithm128 was run using the recommended 

regularization parameters for the single-site and pairwise coupling constraints, without the 

inclusion of gap states. The strength of L2-regularization was set to λh = 0.01 and λJ = 

36.8, and sequences were re-weighted to account for redundancy based on an 80% 

sequence identity cut-off, as recommended. 

4.5.3 Design of NNK Libraries 

The amidase domain of the major pneumococcal autolysin LytA was identified as 

a homolog of the amidase domain of LysEFm5 initially via sequence alignment. Thirteen 

primary ligand-binding residues and ten secondary residues were identified in the putative 

secondary interaction shell of the LytA crystal structure having the inactivating mutations 

C60A, H133A, and C136A173. Twelve structurally-analogous residues (one primary and 

eleven secondary) that occupied the same space in the 3D structure of the LysEFm5 

protein were selected.  

The most restrictive MSA (using sequences from group Firmicutesstringent-2k) 

was used in PLMC to predict changes in the statistical fitness of mutants arising from all 

possible double mutations at any two of the sites of interest (Figure 4.3). This heat map 
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was used to select eight sets of two discrete sites for NNK library creation (Table 10), 

sampling a range of average ∆E values. 

Library 9 was designed using the SwifLib tool174. The matrix of predicted change 

in statistical fitness was discretized into an integer matrix using the following criteria: -10 

< ΔE < -8, f(ΔE) = -5; -3 < ΔE < 0 f(ΔE) = 1; ΔE > 1, f(ΔE) = 10; -8 < ΔE  <-6, f(ΔE) = -2; 

ΔE == 0, f(ΔE) = 2; -6 < ΔE < -3, f(ΔE) = 0; 0 < ΔE < 1, f(ΔE) = 5. 

The resulting library, which had a specified maximum size of 252, showed diversity 

at three positions: 33, 40, and 87. The remaining eight positions of interest encoded the 

WT residues. 

4.5.4 Plasmid creation 

A gBlock gene fragment (Integrated DNA Technologies) encoding the entire 341 

AA LysEFm5 gene156 was amplified via Q5 PCR (New England Biolabs, NEB), visualized 

on an agarose gel, and purified. The product was Gibson assembled175 (NEBuilder® HiFi 

DNA Assembly, NEB) into a pET-24 vector modified to include a C-terminal 6xHIS tag39 

containing a selection marker for kanamycin, which was digested with BamHI and NdeI 

(NEB). The assembled product was transformed into NEB® 5-alpha competent E. coli 

(NEB), which were cultured at 37°C on a lysogeny broth (LB) agar plate with 50 µg/mL 

kan for selection overnight. A flask was inoculated with cells from a colony on the plate 

that encoded the LysEFm5 gene and was left to incubate at 37°C overnight. Plasmid DNA 

was then isolated from the culture. 

4.5.5 Construction of NNK Libraries 

The nine NNK libraries were each created by assembling two or three overlap 

extension PCR products. For each library, the universal forward primer (PRIM01) was 
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used in conjunction with a second primer encoding the randomized codon(s) at one or 

more of the desired sites. The second primer was designed to anneal to the site 

immediately downstream of the second codon (in the case of Libraries 1, 2, 4, 5, 7, and 

8) or the first codon (in the case of Libraries 3, 6, and 9). In the second reaction, a reverse 

primer annealing to the site immediately upstream of the first or second randomized 

codon, respectively, and the universal reverse primer (PRIM02) were used. For Libraries 

3, 6, and 9, a third reaction producing a fragment containing the two randomized codons 

was required as the distance between the diversified codons did not allow for all to be 

reasonably encoded on the same primer. Summaries of the reactions performed and 

primer identities are given in Table 13 and Table 14. The expected size of each PCR 

product was confirmed by running a DNA gel and the bands were gel purified to yield the 

final DNA fragments. 

Each of the two or three PCR products per library were independently combined 

using Gibson assembly (NEB). Fragments were combined into a pET-24 vector digested 

with BamHI and NdeI (NEB). Each reaction was cleaned up using a PCR cleanup kit 

(Epoch Life Science), then transformed into 25 µL of MC1061F- electrocompetent cells 

(Lugicen) quenched with 975 µL of Recovery Medium. 950 µL of the transformation 

product was used to inoculate a 3 mL culture of LB + kan, which was left to grow at 37 °C 

and 250 rpm overnight. The remaining 50 µL of transformation product was plated onto 

an LB + kan agar selection plate. Transformation efficiency was confirmed to be on the 

order of tens of thousands of transformants for each library. Two to three monoclonal 

transformants were additionally outgrown and sequenced from each library to confirm the 

expected diversity. 
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4.5.6 Halo Plate Creation 

100 mL of BHI broth was inoculated with VRE and grown overnight at 250 rpm and 

37 °C. The flask was autoclaved and centrifuged, and the VRE was washed repeatedly 

with phosphate-buffered saline (PBS). The final mass concentration of this stock was 

approximately 0.3 g of cell material per mL of PBS. The stock was stored at 4 °C until 

future use. 

The effect of the concentration of IPTG, % agar, and time on halo radius were 

investigated in a separate experiment prior to conducting the halo plate assay (Figure 

4.16). All conditions tested were sufficient to produce results that allowed for the easy 

identification of halo-forming colonies. It was determined that an IPTG concentration of 

0.05 mM, 1.0 w/v% agar, and an incubation time of 19 hr were appropriate. Additionally, 

a saturated culture of E. coli expressing a phage lysin with specific activity against 

Clostridium perfringens176 was plated alongside a positive control. At no time did halos 

form on the plate containing the C. perfringens-specific lysin (Figure 4.15). 

To create each LB + kan/VRE/IPTG plate used in the halo plate assay, 2.0 w/v% 

LB and 1.0 w/v% agar were combined in an Erlenmeyer flask along with enough deionized 

water to constitute 15 mL of total volume per plate, and the solution was microwaved until 

it boiled. 50 µg/mL of kan, 0.05 v/v% of the stock autoclaved VRE, 0.05 mM IPTG (final 

concentrations) were added to the solution after boiling. 

4.5.7 Halo Plate Assay 

For each library, 0.5 - 2 µL of plasmid DNA isolated from a saturated culture of 

MC1061F- electrocompetent cells was transformed into 25 µL of T7 Express lysY/Iq 

Competent E. coli (NEB). 975 µL of LB + kan media were added, and each transformation 
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product underwent a 1 hr outgrowth at 37 °C and 250 rpm. Afterwards, the cells were spun 

down, re-suspended in 100 µL of LB + kan, and plated onto an LB + kan selection plate. 

Plates were incubated overnight at 37 °C. Between 16 and 18 hr later, the lawn of cells 

on each plate was re-suspended in approximately 10 mL LB + kan, and the cell density 

was estimated using absorbance measurements taken using a microplate reader 

(averaged for 1:10, 1:50, and 1:100 dilutions), and an empirically-determined coefficient 

(7.90 x 108 colony forming units/OD600/mL). This was used to determine the serial dilution 

scheme needed to obtain 125 colony forming (CFU) units/50 µL of cell material. 50 µL of 

cell material for each library was then plated onto LB + kan/VRE/IPTG agar plates (nine 

each; three plates per each triplicate). Each plate was incubated for 19 hr at 37 °C. This 

procedure was performed for two or three libraries (eighteen or twenty-seven plates) at a 

time. 

Following incubation, all colonies belonging to one library were designated as halo-

forming if there was visible clearance around the colony, or non-halo-forming if there was 

not, then systematically plucked and placed into one of six, library-specific bins based on 

the replicate number (1 – 3) and halo-forming designation. Cell material from each bin was 

stored at -20 °C for between one to four days. Afterwards, 500 µL of MX1 re-suspension 

buffer (Epoch Life Science) was added to each of the sixty samples. 20 µL aliquots from 

each sample belonging to the same replicate number and halo-forming designation were 

pooled across all nine libraries. Plasmid DNA was extracted from each of the six resulting 

200 µL samples. 
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4.5.8 High-throughput sequencing (Illumina MiSeq) sample preparation 

Both sets of five forward (FA1-5) and five reverse (RA1-5) primers were 

independently premixed at equal ratios (primer sequence identities are given in Table S4). 

A 50 µL PCR was performed with a final FA1-5 and RA1-5 primer concentration of 500 

uM and 2 µL of plasmid DNA. 4 U of exonuclease I (ExoI) was then added to catalyze the 

degeneration of single-stranded DNA. The samples were incubated at 37°C for 30 

minutes, then heat inactivated at 80 °C for 20 minutes. Afterwards, 1 µL of the ExoI-

digested product was used as a template in a second, 50 µL PCR with a final FB and RB1-

6 sequencing primer concentration of 500 µM. Each product was run on a gel to confirm 

that it was the expected size. Bands were gel-purified and the concentration of DNA from 

each was measured using a NanoDropTM Spectrophotometer (Thermo Fisher). The 

amount of contributing DNA from groups 1-6 was weighted based on the estimated 

diversity of the group and combined to yield a total of 500 ng of DNA in 100 µL of nuclease-

free water. The sample was submitted for a MiSeq 2X300 bp paired-end-read run with 

version 3 chemistry.  

4.5.9 Production of variants 

During the agar plate assay, one halo-forming variant each was isolated from 

libraries 2, 3, 4, 5, 6, and 7. Two halo-forming variants were isolated from library 1 and 

one additional non-halo-forming variant was isolated from library 8. All variants were 

confirmed to encode the full LysEFm5 protein, with diversity at the expected sites. 

For each clone, a cell culture tube containing 3 mL of LB + kan was inoculated with 

cells then incubated at 37 °C and 250 rpm overnight. The day after, 100 mL of LB was 

inoculated with 100 µL of confluent culture. The OD600 was monitored using a plate 
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reader spectrophotometer until it was within the range of 0.6 – 0.8, at which point IPTG 

was added at a final concentration of 0.5 mM and the culture was left to incubate at 30°C 

and 250 rpm for six hours. The culture was then spun down, the supernatant was 

discarded, and 1 mL of lysis buffer (137 mM NaCl, 2.7 mM KCl, 8 mM Na2HPO4, 2mM 

PBS, 5% glycerol, 3.1 g/L CHAPS, 1.7 g/L imidazole, with a Pierce™ Protease Inhibitor 

Mini Tablet, EDTA-free (1 tablet per 10 mL buffer)) was added. Each culture was then 

supplemented with MgSO4 to a final concentration of 20 mM as well as 2 U of DNase I 

(New England Biolabs) and 10 µg of RNase A (Thermo Scientific). The cell pellet 

underwent four freeze/thaw cycles at -80 °C/room temperature, respectively. The cell 

material was then spun down, and the supernatant was filtered and diluted with 1 volume 

of wash buffer (50 mM sodium phosphate, 300 mM NaCl, 10 mM imidazole, 5% glycerol), 

applied to 200 µL of HisPur cobalt resin (Thermo Scientific), and rotated end-over-end at 

room temperature for 30 minutes. This mixture was then applied progressively to spin 

columns. Three applications of wash buffer were performed followed by three elutions 

(with 50 mM sodium phosphate, 300 mM NaCl, 150 mM imidazole, 5% glycerol) to 

constitute the protein sample, in a volume of ~ 1200 μL.  Proteins were further purified by 

application to an ÄKTAprime plus configured with a Superdex 75 Increase 10/300 GL size 

exclusion column. Samples were run at 0.2 mL/min with PBS + 5% glycerol as eluent. 

Appropriate fractions were collected, mixed, and divided into 100 µL aliquots which were 

snap frozen. All subsequent analysis was performed on aliquots thawed on ice 

immediately before use. 
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4.5.10 Quantification of variant and WT concentrations 

SDS-PAGE was performed to quantify the produced protein concentration of each 

variant and the WT. 50 µg/mL of bovine serum albumin (BSA) was used as a standard. 

12 µL of each variant and the WT, in addition to the BSA standard, was combined with 4 

µL of 4X LDS buffer then denatured at 90 °C for 12 minutes.  The sample were loaded 

onto a NuPAGE Bis-Tris 4-12% Protein Gel (Thermo Fisher) along with a PageRuler 

Unstained Protein Ladder (Thermo Fisher). The gel was run at 200 V for 50 minutes, then 

stained with SimplyBlue SafeStain (Thermo Fisher). ImageJ was used to determine the 

intensity of each band corresponding to the BSA standard and protein variants (having an 

expected molecular weight of ~37 kDa). The relative intensity of the BSA standard was 

used to determine the unknown variant concentrations. 

4.5.11 SYPRO Orange Thermal Denaturation Assay 

Variants were diluted to a concentration of 5 µM, and 45 µL was aliquoted into 

optically clear PCR tubes. The stock solution of Sypro Orange (Thermo Fisher) was diluted 

to 200x in PBS, 5 µL of which was added to each PCR tube. These solutions were heated 

from 25 °C to 98 °C in 0.5 °C increments with equilibration time set to 30 seconds after 

each temperature elevation in a CFX Connect Real-Time PCR Detection System. The 

fluorescence of the Sypro Orange dye was detected via 450-490 nm excitation and 560-

590 nm emission. The maximum change of fluorescence with temperature (defined to be 

the Tm) was determined via smoothing with local second-degree polynomials having 

widths of 2.5 °C using the Savitzsky-Golay filter of the sklearn package in Python. 
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4.5.12 Quantification of variant and WT activity 

One hundred mL of BHI was inoculated with a 1000x dilution of VRE grown 

overnight at 37 °C with agitation. When this culture reached an OD600 of ~ 0.5, it was 

placed on ice and chilled for 15 minutes. Cells were then pelleted via centrifugation at 

6000 × g for 5 minutes. The supernatant was removed and re-suspended in 1 mL of 50 

mM Tris-HCl, then added drop-wise to 20 mL of boiling 5% w/v sodium dodecyl sulfate. 

This solution was boiled with stirring for 15 minutes, then allowed to cool to room 

temperature and centrifuged at 6000 × g for 5 minutes. The pellet was re-suspended in 1 

mL of 1 M NaCl and centrifuged at 17,000 × g for an additional 5 minutes. This was 

repeated an additional time with 1 mL of 1 M NaCl, then seven times with pure water, and 

the pellet was finally re-suspended in PBS and stored at 4 °C until use and hereafter 

referred to as “crude cell wall”. 

In a 96-well plate, 0.5 µg of each variant or blank in 5 µL of PBS with 5% glycerol 

was combined with 195 µL of crude cell wall diluted to approximately an OD600 of 1. Each 

sample was tested with replication of 4 – 8 with randomized well positions. Measurements 

of the Abs600 were taken every 2 minutes for multiple hours.  

4.5.13 Assessment of cell lysis and killing activity 

Enterococcus faecium 8-E9 was streaked onto BHI agar plates and grown 

overnight at 37 °C. The following morning, a colony was used to inoculate 3 mL of BHI 

and was incubated at 37 °C with shaking at 250 rpm. When the culture reached mid-

exponential phase (OD600 ~ 0.8), cells were washed 2x with sterile PBS with 

centrifugation of 3000 × g for 3 minutes. Cells were then diluted into 3 mL PBS and 195 

µL was applied to 5 µL of 0.5 µg of purified proteins in PBS + 5% glycerol in a 96 well 



137 
 

plate. The plate was then incubated at 37 °C with shaking in a spectrophotometer with an 

OD600 measurement taken every 2 minutes. After 30 minutes, the plate was removed, 

and cell suspensions serially diluted into BHI. CFU were then determined by enumeration 

of colonies after plating of dilution series onto BHI agar. 
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Figure 4.14. Modeling sequence length distributions to identify outliers. Two- or three-
component Gaussian mixture models (GMMs) fitted to the distribution of sequence lengths 
resulting from a jackhmmer search of the UniProtKB database for homologs to the wild-
type amidase domain of LysEFm5.  (A) The taxonomy in the search was restricted to 
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firmicutes only (three-component GMM). (B) The taxonomy in the search was restricted 
to bacteria only (two-component GMM). (C) The taxonomy in the search was not restricted 
(two-component GMM). 

 

Figure 4.15. E. coli expressing a lysin with alternative specificity do not form halos on 
LB+kan/VRE/IPTG plates. E.coli containing a plasmid encoding LysEFm5 (left) and Lys2, 
a C. perfringens-specific lysin (right) were plated in an identical manner on 
LB+kan/VRE/IPTG plates at two densities (top: 0.1 cells/µL; bottom: 0.2 cells/µL). After 19 
- 20 hr of incubation at 37 °C, halos were observed on the LysEFm5 plates, but not on the 
Lys2 plates. 
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Figure 4.16. Effect of IPTG, agar content, and time on halo radius. Expression-competent 
E. coli containing pET:LysEFm5 were plated on LB + kan agar plates made with 2 w/v% 
LB, 50 µg/mL kan, 0.05 v/v% of stock autoclaved VRE (~0.3 g/mL cell material suspended 
in PBS), deionized water, and (A) 0.005, 0.05, 0.1, and 0.5 mM IPTG (and 1.0 w/v% agar) 
or (B) 0.8, 1.0, 1.2, and 1.5 w/v% agar (and 0.05 mM IPTG) in 15 mL of total volume. 
Measurements were taken 19 hr after the start of incubation at 37°C for the IPTG-variable 
plates, and 31 and 63 hr after the start of incubation at 37°C for the agar percentage-
variable plates. The radius of the halo around each colony was measured and 
standardized according to the largest radius measured in that group. For both groups, n = 
1, as this experiment was conducted only to determine an appropriate set of assay 
conditions. A direct relationship between IPTG concentration/time and halo size, and an 
inverse relationship between agar w/v% and halo size was observed. It was determined 
that a final IPTG concentration of 0.05 mM, 1.0 w.v% agar, and an incubation time of 19 
hr or greater was sufficient for the purposes of this assay. 
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Figure 4.17. SDS-PAGE used to determine variant concentrations. The bands of variants 
at ~37 kDa correspond to the expected size of LysEFm5. Purities were assessed to be: 
V1 (99%); V3 (N/A); V4 (97%); V5 (97%); V6 (96%); V7 (98%); V8 (99%); V9 (90%); V10 
(93%); WT (91%). 
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Figure 4.18. Excluding sequences that lack a majority of inactive or active designations 
improves the classification accuracy of the statistical fitness. ROC curves that quantify the 
binary classification ability of the statistical fitness parameter are plotted for each starting 
MSA (Table 9), provided that all 1731 sequences experimentally read at least 100 times 
are considered in the analysis (including those with the same number of active and inactive 
observations). (A) Results when sequences with an active fraction of 0.5 are considered 
active. The AUC ranges from 0.825 – 0.848, depending on the starting MSA. (B) Results 
when sequences with an active fraction of 0.5 are considered inactive. The AUC ranges 
from 0.710 – 0.733. Because on the order of hundreds, and up to a thousand, individual 
colonies were plucked per library, it was expected that there would be contamination from 
neighboring cell material some fraction of the time. Therefore, observing the same number 
of active and inactive observations was ultimately attributed to the contamination of one 
or more bins as a result of human error, leading to the dismissal of these sequences from 
the analysis. When sequences with an active fraction of 0.5 are excluded entirely, the AUC 
ranges from 0.840 – 0.894 (Figure 4.8). 
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Table 12. Additional information for purified variants and the WT. 

Variant Library Mutations -ΔOD600/min/μg 

1 2 T40P, N47V 0.041 ± 0.003 

2 N/A R17L, T40L N/A 

3 3 M45E, I87D N/A 

4 4 N32G, E38T 0.022 ± 0.005 

5 5 S33P, M45W 0.035 ± 0.003 

6 6 N47A, V91P 0.025 ± 0.004 

7 7 T34S, A35V 0.09 ± 0.01 

8 8 A74R, N83M 0.003 ± 0.002 

9 1 T40A 0.040 ± 0.002 

10 1 S33G, T40S 0.020 ± 0.003 

WT N/A N/A 0.041 ± 0.004 

 

Table 13. List of reactions and primers used to create NNK libraries 1-9. 

Lib. Rxn Pos. 
1 

Pos. 
2 

Pos. 
3 

Fragment  
size [bp] 

Primer 1 Primer 2 

1 1-1 33 40 
 

132 PRIM01 PRIM03  
1-2 

   
936 PRIM12 PRIM02 

2 2-1 40 47 
 

153 PRIM01 PRIM04  
2-2 

   
915 PRIM13 PRIM02 

3 3-1 45 87 
 

147 PRIM01 PRIM05  
3-2 

   
150 PRIM21 PRIM24  

3-3 
   

774 PRIM14 PRIM02 

4 4-1 32 38 
 

126 PRIM01 PRIM06  
4-2 

   
939 PRIM15 PRIM02 

5 5-1 33 45 
 

147 PRIM01 PRIM07  
5-2 

   
936 PRIM16 PRIM02 

6 6-1 47 91 
 

153 PRIM01 PRIM08  
6-2 

   
156 PRIM17 PRIM22  

6-3 
   

762 PRIM25 PRIM02 

7 7-1 34 35 
 

117 PRIM01 PRIM09  
7-2 

   
933 PRIM18 PRIM02 

8 8-1 74 83 
 

261 PRIM01 PRIM10  
8-2 

   
813 PRIM19 PRIM02 

9 9-1 33 40 87 132 PRIM01 PRIM11  
9-2 

   
186 PRIM20 PRIM23  

9-3 
   

774 PRIM26 PRIM02 
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Table 14. NNK primer sequence identities. 

Primer 
Name 

Library Sequence identity (5’ → 3’)a 

PRIM01 1 AAGAAGGAGATATACATATGGTTGAG 

PRIM02 1 CAGTGATGATGGTGATGGTGGCATCCNNNNNNNNNNTT
ATTAATGGTGGTGATGGTG 

PRIM03 1 CGCCGCAAGGCGMNNTGCTTCTTGTTTTGCAGTMNNAT
TACCCCAAGT 

PRIM12 1 ACTTGGGGTAATNNKACTGCAAAACAAGAAGCANNKCGC
CTTGCGGCG 

PRIM04 2 GGCCAGCTGGTTMNNATTCATCGCCGCAAGGCGMNNTG
CTTCTTGTTT 

PRIM13 2 AAACAAGAAGCANNKCGCCTTGCGGCGATGAATNNKAA
CCAGCTGGCC 

PRIM05 3 GGTTATTATTMNNCGCCGCAAGG 

PRIM14 3 TGGTAATATGAACTATNNKGGATATGAAGTCTGTG 

PRIM21 3 CCTTGCGGCGNNKAATAATAACC 

PRIM24 3 CACAGACTTCATATCCMNNATAGTTCATATTACCA 

PRIM06 4 AAGGCGAGTTGCMNNTTGTTTTGCAGTTGAMNNACCCC
AAGTATT 

PRIM15 4 AATACTTGGGGTNNKTCAACTGCAAAACAANNKGCAACT
CGCCTT 

PRIM07 5 GGTTATTATTMNNCGCCGCAAGGCGAGTTGCTTCTTGTT
TTGCAGTMNNATTACCCCAAG 

PRIM16 5 AATACTTGGGGTNNKTCAACTGCAAAACAANNKGCAACT
CGCCTT 

PRIM08 6 CAGCTGGTTMNNATTCATCGCC 

PRIM17 6 GGCGATGAATNNKAACCAGCTG 

PRIM22 6 CGTTGCCACAMNNTTCATATCCG 

PRIM25 6 CGGATATGAANNKTGTGGCAACG 

PRIM09 7 TGCTTCTTGTTTMNNMNNTGAATTACCCCA 

PRIM18 7 TGGGGTAATTCANNKNNKAAACAAGAAGCA 

PRIM10 8 GATATAGTTCATMNNACCATCGCCATTGGCAGTGTGCCA
MNNACCATTGAACGT 

PRIM19 8 ACGTTCAATGGTNNKTGGCACACTGCCAATGGCGATGG
TNNKATGAACTATATC 

PRIM11 9 CGCCGCAAGGCGSNNTGCTTCTTGTTTTGCAGTGNBATT
ACCCCAAGT 

PRIM20 9 ACTTGGGGTAATVNCACTGCAAAACAAGAAGCANNSCGC
CTTGCGGCG 

PRIM23 9 GACTTCATATCCTAGATAGTTCATATT 

PRIM26 9 AATATGAACTATCTAGGATATGAAGTC 
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Chapter 5 Concluding Remarks and Future Work 

 

As has been discussed throughout this thesis, the problems created by antibiotic 

resistance warrant the development and application of toolkits from which novel solutions 

may emerge. The described engineering of an antimicrobial protein for improved 

specificity (Chapter 2) and two multi-domain cell-wall-degrading antimicrobial enzymes 

targeting C. perfringens (Chapter 3) and E. faecium (Chapter 4) for improved stability 

and/or activity are examples of how protein engineering can be applied to improve the 

functionality of antimicrobial proteins. 

The success of the engineering efforts of LysCP2 and LysEFm5 were made 

possible by augmenting library design using second-order Potts models whose 

parameters were inferred using thousands of homologous sequences of their catalytic 

domains. Interestingly, post-facto analysis of the predictive performance of the statistical 

fitness of sequences computed by the inferred models for LysCP2 showed that there may 

be structural features of different regions of the protein which increase the influence of 

stability on the statistical fitness. Future studies may explore this relationship across 

different multi-function proteins, for example enzymes, to disentangle how different 

structural features may be used to further filter regions of the protein most amenable to 

mutagenesis through library design guided by statistical fitness. 

Where possible, the projects discussed within this thesis have utilized homologous 

information from a single source - that is - highly related sequences. In addition to the 

source of the information, all models derived from these data have utilized undirected fully-

observable graphs to describe the relationships between different amino acids at different 

positions128. Future efforts will benefit from incorporating additional information into 
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models which utilize not only more complex feature representations but also more prior 

information in their structures. To elaborate on sources of information, though they were 

used sparingly in the design of libraries for LysEFm5, homology models of the structures 

of different related sequences could be of significant benefit. Such models could be used 

to rationally reduce the number of parameters that require inference based upon features 

such as proximity127. Going beyond sequences within the families of those we wish to 

engineer, there is a wealth of information within the sequences and structures of proteins 

which has been gathered globally. Incorporating these data requires more sophisticated 

modeling frameworks, such as neural networks, but has been demonstrated for both 

sequence185 and structural186 frameworks. As was demonstrated in this work, these a priori 

models will, with increasing accuracy, drive the generation of designed libraries which 

cover larger and larger amounts of protein sequence space. This process will then feed 

back into itself, as analysis of designs, in increasingly informative high-throughput assays, 

will be incorporated to drive to improve accuracy of predictions across physical properties 

of interest to the protein engineer.  
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Chapter 7 Appendices 

7.1 Description of antimicrobial enzyme LysCP3 and validation of activity 

In the process of identifying and validating LysCP2 (Chapter 3), another putative 

lysin was identified and validated for lytic activity against Clostridium perfringens. This 

lysin, from a prophage domain of Clostridium perfringens E str. JGS1987 (Accession 

WP_003465320) was also predicted to possess an SH3 cell wall binding domain, but 

unlike LysCP2, its catalytic domain was predicted to be an N-acetylmuramoyl-L-alanine 

amidase, similar to LysEFm5 (Chapter 4). The sequence of this putative lysin was 

synthesized and transformed into pETh as described previously (Section 3.5.2). After 

sequence verification, LysCP3 was expressed and purified via co-affinity chromatography 

(Section 3.5.3) and evaluated for activity against Clostridium perfringens ATCC 12916 

(Figure 7.1). LysCP3 displayed activity against C. perf., which was less than that of 

LysCP2 in the context of this preliminary characterization. Future studies of LysCP3 for 

antimicrobial activity may benefit from exploration in conjunction with LysCP2, in particular 

to explore the efficacy change resulting from cleaving both the saccharide backbone as 

well as the stem peptide of the peptidoglycan of the target.  
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Figure 7.1. Sequence and activity of LysCP3. (A) The amino acid sequence of LysCP3 
(black) and a GSHHHHHH tag to facilitate purification (red). (B) The activity of dilutions of 
purified LysCP3 as measured by reduction in optical density at 600 nm (OD600) of 
Clostridium perfringens ATCC 12916 at 37 °C. Briefly, exponential-phase C. perf. were 
harvested on ice and washed 2x with ice-cold PBS, resuspended and mixed with dilutions 
of eluted LysCP3 to a final concentration of 90% cell-suspension and 10% lysin dilution. 
Treatments: 1x lysin (blue); 0.5x lysin (orange); 0.25x lysin (yellow); buffer only (purple). 

7.2 Demonstration of capacity of yeast-displayed LysCP2 to bind to Clostridium 

perfringens cell wall fragments via flow cytometry 

In the process of progressing with the project outlined in Chapter 3, efforts were 

made to explore the possibility of directly assaying the enzymatic activity of lysins via 

fluorescent activated cell sorting on the yeast surface. As a component of this exploration 

it was desired to know if cell wall fragments could be bound to the yeast-displayed LysCP2. 

To assess this the cell-wall-binding domain of LysCP3 (Section 7.1) was assembled as a 

genetic fusion with monomeric Enhanced Green Fluorescent Protein (mEGFP)187 with a 

flexible linker188 (Design and assembly of this labeling reagent was conducted by Mike L. 
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Yang), hereafter mEGFP-LysCP3_CWBD. Yeast displaying LysCP2 (Section 3.5.11) 

were labeled with: (1) crude cell wall extract of Clostridium perfringens ATCC 12916 

(Section 3.5.5), which had first been sonicated (30s on, 30s rest, on ice, 8x) and then 

centrifuged at 3000 ×g for 1 minute to remove large fragments; then (2) mouse anti-c-myc 

(clone 9E10, see Section 3.5.11); and then (3) goat anti-mouse conjugated with 

AlexaFluor 647 (see Section 3.5.11) and mEGFP-LysCP3_CWBD. This demonstrated 

(Figure 7.2) that the displayed LysCP2 retained its ability to bind to cell-wall fragments of 

the target organism. Beyond the intended function, future studies may explore this utility 

to enable characterization of specificity of lysin cell-wall-binding domains in high-

throughput as well as enable characterization and optimization of physical properties via 

mutagenesis. 
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Figure 7.2. Labeling of yeast-displayed LysCP2 with cell wall fragments of Clostridium 
perfringens. (A) Sequence of mEGFP_LysCP3-CWBD with the mEGFP (green), linker 
(blue),LysCP3_CWBD (black), and purification tag (red) colored. Yeast displayed LysCP2 
were labeled for cell-wall binding, using mEGFP-LysCP3_CWBD, either by first labeling 
with (C) or without (B) first labeling with Clostridium perfringens ATCC 12916 cell wall 
fragment. The non-expressing sub-population (bottom-left quadrant) is labeled by none of 
the reagents because it doesn’t have any of the target epitopes and paratopes on its 
surface. Upon induction an expressing subpopulation (right quadrants) emerges. The 
mEGFP-LysCP3_CWBD reagent is found to only bind to expressing yeast after they have 
first been labeled with cell wall fragments. 

 



161 
 

7.3 LysCP2Con and LysCP2Con20: Antimicrobial enzymes designed with 

sitewise and pairwise homology information with activity against Clostridium 

perfringens 

The logical extension of predicting the effects of mutations via second-order Potts 

models (Chapter 3 and Chapter 4) is to completely redesign a protein using this 

information. In the broader form of this process, the protein sequence with the maximum 

model score is identified. In the sitewise case this is considered whole-protein consensus 

design189. Though the solution to this problem becomes NP-complete with order greater 

than 1, it is worthwhile to consider how optimizing these higher-order models may affect 

the outcomes of the design. Herein the outcome of a limited study is presented wherein a 

novel pair of lysins are designed using sitewise and pairwise information of different 

natures. These proteins, LysCP2ConS and LysCP2ConP are built using sitewise and 

pairwise information, respectively.  

To generate LysCP2Con, a JackHmmer129 search limited to sequences within 

UniprotKB was conducted as before (Section 3.5.7) but limited in phylogeny to only 

Clostridium perfringens, yielding 13 sequences. The sequences which resulted were 

aligned using PROMALS3D137 and assessed. It was observed that these sequences could 

be broadly clustered into 3 groups (Figure 7.3). The group within which LysCP2 belonged 

(Figure 7.3, Cluster 2) was selected for subsequent analysis (7 total sequences). The 

sitewise consensus of these proteins was determined, and named LysCP2ConS_cat, and 

was genetically fused to the cell-wall-binding domain of LysCP2 to yield LysCP2ConS. 
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Figure 7.3. Sequence alignment and clustering of LysCP2 homologs originating from 
Clostridium perfringens. 

To generate LysCP2ConP, a second-order Potts model was again inferred 

(Section 3.5.7) but the source of the sequences was found with a JackHmmer search 

across UniprotKB with phylogeny restricted to Firmicutes and the seed sequence being 

that of LysCP2ConS_cat. These sequences were then aligned with PROMALS3D and 
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PLMC used to infer a second-order Potts model. This model was then used to optimize 

the sequence of LysCP2ConS_cat. Residues selected for mutation were restricted to 

those that were not perfectly preserved among the 7 sequences that generated 

LysCP2ConS_cat, with the assumption being that the conserved sites may be critical for 

some unknown function. A single step of the algorithm was: (1) Compute the complete 

site-scanning mutagenic landscape using the inferred model with the candidate sequence; 

(2) Select the best point-mutation and change the candidate sequence to this new 

sequence. The algorithm was initialized with LysCP2Con_cat being the candidate 

sequence at the first step, and was repeated for 20 iterations, at which point the score 

improvements upon mutation became negligible, to yield LysCP2ConP_cat. This catalytic 

domain was then genetically fused with the cell-wall-binding domain of LysCP2 to yield 

the final LysCP2ConP. An alignment190 of these proteins is displayed in Figure 7.4. 

 

Figure 7.4. Alignment of LysCP2, LysCP2ConS, and LysCP2ConP catalytic domains 
Displayed is the result of alignment190 of the catalytic domains of named lysins. Below 
each column symbols indicate the level of conservation: (*) Perfectly reserved; (:) Strongly 
similar residues; (.) Weakly similar residues. 
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Each of the proteins LysCP2, LysCP2ConS, and LysCP2ConP was purified 

(Section 3.5.3) and analyzed for activity against crude cell wall extract of Clostridium 

perfringens ATCC 12916 (Section 3.5.5). All lysins displayed cell wall degrading activity. 

Further, the thermal properties of each were assessed both for unfolding (Figure 7.5) and 

residual activity (Figure 7.6). These analyses indicate that Lys2ConS and Lys2ConP have 

enhanced thermal properties, compared with LysCP2. In addition, the catalytic domains 

of Lys2Con and Lys2Con20 appear to retain their thermal characteristics in isolation, 

which is in contrast to the catalytic domain of LysCP2 which sees its Tm greatly reduced 

(Figure 7.5). Interestingly, there appears to be a reversal in the trend when comparing the 

Tm and T50 of LysCP2ConS and LysCP2ConP in the denaturation and residual activity 

assays, respectively. Whereas LysCP2ConS has a Tm higher than LysCP2ConP, 

LysCP2Con20 has a significantly higher T50. This may be evidence of enhanced refolding 

properties of LysCP2Con20. 

 

Figure 7.5. Assessment of unfolding temperature of full-length and catalytic domains of 
LysCP2, LysCP2ConS, and LysCP2ConP. To explore the unfolding properties of the 
designed proteins, the full-length lysins (orange) as well as the catalytic domains in 
isolation (blue) were expressed and assessed for stability via a Sypro Thermal 
Denaturation Assay (Section 3.5.4). These demonstrated Tm’s of 38 °C, 45 °C, and 41.5 
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°C for the full-forms of LysCP2, LysCP2ConS, and LysCP2ConP, respectively. As well, 
Tm’s of <30 °C, 46 °C, and 42.5 °C for the catalytic domains of the same, respectively. 

 

Figure 7.6. Residual activity of LysCP2, LysCP2ConS, and LysCP2ConP after thermal 
shock. LysCP2 (blue), LysCP2ConS (red), and LysCP2ConP (orange) were incubated at 
the indicated temperatures for 30 minutes and then rapidly cooled to 4 °C. Lysins were 
then incubated with crude cell wall of Clostridium perfringens ATCC 12916 at 37 °C and 
activity quantified and normalized lysins held at 4 °C without thermal shock. The data 
indicate T50’s of 44.9 °C, 48.4 °C, and 53.0 °C for LysCP2, LysCP2ConS, and 
LysCP2ConP, respectively. 

These analyses are intriguing first attempts at using pairwise data for whole-protein 

redesign to improve the physical properties of lysins. Future studies would be worthwhile 

to explore how the effects of different choices in the design process affect the properties 

of the final proteins. In principle these choices may be subdivided into three groups: (1) 

model architecture; (2) source of sequence information; and (3) sequence optimize 

protocol. 

Throughout this work, second-order Potts models have been prioritized as the 

model architecture of choice. This choice was made both from a theoretic argument as 
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well as recent experimental successes128. The inference of the parameters has been 

restricted to PLMC, due primarily to its speed at the cost of accuracy of inferred 

parameters165. Future studies may choose to explore how more accurate inference 

methods, such as Boltzmann Machine Learning, affect the performance of optimized 

proteins. In addition, all models presented are “centered” around a single focus sequence, 

in a format where observations are conditioned on gaps in the multiple sequence 

alignment. As a result of this treatment, only those positions of the multiple sequence 

alignment corresponding to the focus sequence are possible. Though more challenging 

for inference, model extension to properly facilitate gaps would permit the optimization 

process to extend beyond the domain of the target sequence. 

As was seen for LysCP2 (Chapter 3) and LysEFm5 (Chapter 4), increasing the 

amount of sequences improved the predictive performance for stability and activity, 

respectively. Does this trend hold when examining completely redesigned proteins? 

Future studies would benefit from generating sitewise and pairwise sequences from 

different levels of phylogeny. It may be found that conserved residues for Clostridium 

perfringens become diluted with phylogenetically distant sequences and changed during 

whole-protein optimization. 

Lastly, the optimization protocol was a simple steepest descent algorithm with 

mutations limited only to variable positions. Given that this is an integer linear 

programming problem, there is no general solution to the optimization procedure and it is 

considered to be NP-complete191. Future studies may explore how different algorithms 

perform in the context of these coevolutionary models and sample a range of constraints 

hypothesized to be consistent with functionality, such as conservation. 


